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In silico analysis of microbial communities through constraint-based 
metabolic modelling  
PARIZAD BABAEI 
Systems and Synthetic Biology 
Department of Biology and Biological Engineering  
Chalmers University of Technology 
Abstract 
 
Microbial communities are involved in many vital biological processes from elemental cycles to 
sustaining human health. The bacterial assemblages are remarkably under-studied as they are 
reluctant to grow in the laboratory conditions. Therefore, alternative omics-based approaches and 
computational modelling methods have been an active area of research to investigate microbial 
communities physiologically, ecologically and biochemically. In this thesis different microbial consortia 
involved in food production and also the human gut microbiota have been modelled and investigated. 
In the case of the human gut microbiota, the effects of malnutrition on the overall health of children 
from three different countries, namely, Malawi and Bangladesh, and Sweden have been studied. In 
each of the first two countries, a group of malnourished children going through food therapy as well 
as a healthy cohort were monitored to investigate the effect of food intervention on malnutrition, 
with their gut microbiota being the focal point. In this project, using metagenomics data we identified 
the dominant strains in each cohort, reconstructed genome-scale metabolic models (GEMs) for the 
most abundant ones and used our models to predict diet-microbe, microbe-microbe, and microbe-
host interactions. Based on our results in this project, in addition to being less diverse, the gut 
microbiota of malnourished children showed a lower potency regarding the production of valuable 
metabolites. The second investigated microbial consortia were the ones used in fermented milk 
products. Based on the genome sequence and also experimental data for five selected strains, we 
reconstructed GEMs, curated the models and performed community modelling to predict their 
metabolic interactions. Using the simulation outcomes, we could predict a ratio for bacterial strains 
used in yogurt starter culture to maximise the production of acetaldehyde which is a key contributor 
to yogurt’s unique taste and aroma. 
GEMs are powerful tools to model an organism’s metabolic capabilities, and although numerous GEMs 
have been reconstructed, their quality control has not gained enough attention. Evaluation of a 
repository of semi-automatically reconstructed GEMs related to the human gut microbiota and 
another repository of manually curated ones was performed comparatively. Assessing these models 
from topological and functional aspects, it was shown that semi-automatically reconstructed models 
required extensive manual curation before they could be used for target-specific simulations.  
In constraint-based modelling, an objective function is usually optimised under particular 
environmental conditions, however, in case of the microbial communities, there is no distinct and 
relevant objective function. Therefore, an unbiased uniform randomised sampling algorithm was 
implemented for microbial communities. The samples acquired from the solution space were analysed 
statistically to see clustering patterns of the reactions and commensalistic relationships between the 
community members were identified. Overall, computational modelling paves the way towards 
gaining a mechanistic understanding of microbial communities and provides us with testable 
hypotheses and insight. 
 
Keywords: Microbial community, gut microbiota, systems biology, metagenomics, malnourishment, 
genome-scale metabolic model, lactic acid bacteria, fermented food production, community 
modelling, uniform randomised sampling 
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1. Introduction 
Living organisms consist of complex sub-microscopic molecular systems which govern 
various biological processes. Therefore, organisms could be regarded as a whole in a systemic 
view. System-level understanding of biology started with biological cybernetics as early as the 
days of Norbert Weiner more than 40 years ago (Kitano 2001, 2002). The goal of systems 
biology is to gain insight into biological systems at functional and regulatory levels. The scope 
of the systems approach could vary from an omics-based scale at genomics or transcriptomics 
level to smaller sub-circuits of the system consisted of a few proteins working as a logical gate 
(Ferrell 2009). In this way, systems biology has been likened to Newtonian planetary 
astronomy in which simplification and abstraction of the whole system elucidate system 
mechanics. Similarly, reductionist biological approaches in which biological elements are 
isolated and characterised individually resembles pre-Keplerian astronomical era during which 
the astronomical objects were named and observed separately. Similar to Kepler’s efforts to 
catalogue astronomical objects comprehensively, advances in molecular biology methods have 
resulted in an avalanche of biological data which subsequently have led to the emergence of 
systems biology.  
A biological system is more than an arithmetic sum of its components, and new capabilities 
emerge as the number of elements increase. For instance, a negative feedback loop consisted 
of three proteins can show an oscillatory behaviour which is not achievable by a bi-member 
feedback system. The two-member negative feedback loop can generate pluses from constant 
inputs which obviously is not doable by a single protein. However, it is not possible to only 
understand the building blocks of a system to predict its behaviour. For example, one can 
catalogue every part of an aeroplane, but this information cannot explain how a plane works. 
Similarly, systems biology seeks to elucidate phenotypes from genotypes and decipher the 
inner workings of life (Voit 2016). 
Microbial communities comprising of bacteria, fungi, archaea, microeukaryotes, and viruses 
are omnipresent, complex and adaptive biological systems populating the Earth and its 
multicellular inhabitants. People had used selective procedures to produce their desired food 
long before bacteria were discovered. Starter cultures were used for milk fermentation and 
pickles, even processes that favour the growth of nitrogen-fixing cyanobacteria were 
unknowingly used for rice production (Barton and Northup 2011). Louis Pasteur, in 1864, 
highlighted the role of microorganisms in fermentative processes. Similar to systems biology, 
microbial ecology is also a relatively young discipline in biology. Microbiology was 
traditionally based on experimenting and characterising microbial physiology (Schaechter 
2009). Founders of microbial ecology are considered by many to be Sergei Winogradsky (1856 
–1953) and  Martinus Beijerinck (1851 –1931) who described microbial roles in nitrogen and 
carbon fixation and microbial interactions in soil (Barton and Northup 2011). However, it was 
Ernst Haeckel who coined the term ecology in 1866 in his book Generell Meorpholog where 
he describes it as “physiology of relationships” and “the science of economy of external 
relations of organisms to each other” (Stauffer 1957). Today, the discipline of microbial 
ecology encompasses many fields with a focus on functionality, robustness, and evolution of 
various microbial communities. Research in microbial communities has been revolutionized 
by the availability of omics data and gains more attention day by day.  
In this thesis, I have focused on computational modelling of microbial communities mainly 
involved in fermentative food production and the human gut microbiota. By this means, 
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genome-scale metabolic models for microbes were constructed and combined to simulate 
different microbial communities in their respective microenvironment.  In the case of the 
human gut microbiota, the metabolic capabilities of healthy and disturbed gut bacterial 
communities as the result of malnutrition, have been compared. For microbial communities in 
starter cultures, simulations have led to the proposal of an optimum ratio between the consortia 
members in order to maximise the production potential of an important metabolite for the final 
product’s taste and aroma. Furthermore, I have focused on genome-scale metabolic models 
from a technical point of view, comparatively assessing their quality using two model 
repositories. Finally, I have proposed a uniform random sampling approach for microbial 
communities to circumvent the need for a relevant biological objective for modelling microbial 
consortia. 
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2. Background 
2.1 Microbial communities 
Microbial communities are widespread in nature and are ubiquitously present in various 
habitats participating in biogeochemical processes via their biochemical capabilities. 
Populations of interacting microorganisms have influenced Earth’s environmental conditions, 
more specifically its surface chemistry, in a way that it could support the evolution of more 
complicated organisms and they continue to sustain life; being key players in the maintenance 
of stable environmental conditions (Konopka 2009; Falkowski, Fenchel, and Delong 2008). 
Definition of a microbial community may vary depending on the ecological perspective. It is 
generally regarded as a biological assemblage comprising of multiple interacting species 
coexisting in a contiguous habitat. However, there might be alternative interpretations of the 
abovementioned definition based on how one defines interaction or contiguous habitat. There 
are methanogenic microbes in anaerobic environments who could transport electrons over the 
range of centimetres (Lovley 2017) or even microbes in stratified saturated marine water 
columns generating chemical gradients via metabolite production and consumption as long as 
several meters (Wakeham et al. 2007), whereas soil microorganisms usually influence their 
adjoining surroundings on a scale of microns (Young et al. 2008). 
From a functional perspective, microbial communities act as functional units that provide 
various ecosystem services (ES), ranging from nitrogen-fixing soil bacteria functioning as 
fertilizers to host-associated human gut microbiota providing energy sources and valuable 
metabolites for epithelial cells (Pommier et al. 2018; Wang et al. 2018). As depicted in Figure 
1A, ecosystem functions increase as taxonomic breadth expands to the point that it reaches 
functional redundancy which, subsequently, leads to community resilience and resistance to 
disturbances (Konopka 2009). Functional redundancy, resistance, and resilience are all 
emergent properties of microbial communities which appear when a community is regarded as 
a system. As shown in Figure 1B, community resistance is related to the stability of the 
composition of a community against stress, whereas community resilience is defined as how 
fast a microbial community is able to return to its pristine composition. Microbial communities 
could be highly resilient because of relatively fast growth rates, high physiological flexibility 
and the ability of horizontal gene transfer and mutation of microbes. However, the time for a 
particular microbial community to recover its original composition might vary greatly, ranging 
from hours to years depending on the type, strength, and frequency of the environmental 
perturbation (Allison and Martiny 2008). Even in the case of an altered composition, microbial 
communities may still be able to perform the original functionality due to their functional 
redundancy. Functional redundancy occurs when phylogenetically distinct members of a 
community perform the same biochemical transformations. In other words, microbial 
communities are able to retain their functionality with different taxonomic makeups which is 
the case in the observed taxonomic differences in human gut microbiota across individuals 
while having the same genetic content (Turnbaugh et al. 2009). The same decoupling between 
taxonomic architecture and genetic profile have been reported for terrestrial and aquatic 
microbial communities (Tringe et al. 2005), green microalgae Ulva australis surface-
associated bacterial flora (Burke et al. 2011) and plant-related archaeal and bacterial 
communities (Louca et al. 2017). Several other studies in bioreactors also suggest that 
compositionally different microbial communities can conduct similar metabolic functions 
(Fernández et al. 1999; Vanwonterghem et al. 2014; Wittebolle et al. 2008; Wang et al. 2011). 
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Figure 1. Resistance, resilience and functional diversity in microbial communities. A) The 
functionality of microbial communities increases with the number of species until it reaches functional 
redundancy and from that point, the stability of the community starts. B) Schematic representation 
of microbial communities’ resistance against environmental disturbances resulting in compositional 
stability, its resilience which leads to compositional reconfiguration to the original state and functional 
redundancy where the original and the altered microbial communities have the same operational 
state. The altered community may also shift at the functional level by gaining new functionality. 
 
2.2 Studying microbial communities 
There are various approaches in characterising microbial communities ranging from analysis 
of functional and taxonomic diversity to the use of predictive models and ecological theories 
to provide a context in order to gain mechanistic insight. Advances in sequencing technologies 
and computational algorithms and power have led to the emergence of a myriad of molecular 
data which correspondingly have revolutionized the field of microbial ecology (Prosser et al. 
2007). However, ecological theories and predictive models that are required for delineating 
ecosystem processes are still in their infancy. Below, omics data-based analysis and modelling 
strategies to elucidate microbial ecologies are discussed. 
2.2.1 Metagenomics and meta-transcriptomics  
Traditionally, the field of microbiology was limited to culture-dependent techniques focused 
on single species which subsequently restricted scientists to solely study the microbes which 
were culturable in a known particular medium. However, as it appeared with the advances of 
molecular techniques, this approach can only cover a narrow taxonomic breadth, as small as 
1% in some environments, of microorganisms in both free-living and host-associated microbial 
communities that are recalcitrant to grow in experimental conditions (Ji and Nielsen 2015; 
Riesenfeld, Schloss, and Handelsman 2004). It was first mentioned by Norman Pace that our 
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understanding of taxonomic diversity could be increased by deploying molecular tools (Rappé 
and Giovannoni 2003). In their papers in the eighties, they proposed a combination of 
sequencing and recombinant DNA techniques to investigate microbial communities both 
phylogenetically and quantitatively based on ribosomal RNA macromolecules or gene 
sequences (Olsen et al. 1986; Lane et al. 1985). This approach transformed the field of 
microbial ecology and the idea continues to be employed by many scientists of the field.  
Meta means “transcendent” in Greek, and metagenomics approaches have circumvented the 
uncluturability of a vast diversity of microorganisms. During the past four decades, the number 
of identified bacterial phyla has increased from 12 to 92. In the case of archaea, since their 
discovery as a separate domain in 1977, 26 phyla were characterised (Woese and Fox 1977; 
Gutleben et al. 2018). The aforementioned identified microorganisms comprise a total of 
400,000 bacterial and archaeal species (Hug et al. 2016; Youssef et al. 2015). Metagenomics 
methodology based on the 16S rRNA marker gene as shown in Figure 2, includes amplification 
and subsequent detection of taxonomic diversity in DNA molecules extracted from 
environmental samples (Lane et al. 1985). This approach characterises the taxonomy of 
members of a microbial community, however, does not provide further information regarding 
community functionality. In order to identify other genes, functions and biochemical pathways 
present in an environmental sample, other methods such as shotgun sequencing are required 
(Eisen 2007; Venter et al. 2004). In addition to providing a robust way of sampling for genes 
other than 16S rRNA, this procedure also has higher randomness and breadth and is applicable 
for viruses which do not possess 16S rRNA gene (Eisen 2007). 
Even though shotgun sequencing provides partial insight into the functionality of microbial 
communities, complementary approaches such as metatranscriptomics, metaproteomics, and 
metabolomics are employed to infer the functionality of microbial communities in different 
environmental conditions (Aguiar-Pulido et al. 2016). As depicted in Figure 2, 
metatranscriptomics is the sequencing and annotation of the collection of all mRNA molecules 
present in an environmental sample, shedding light on the expressed genes of the community 
(Moran 2009). Metaproteomics aims to catalogue the proteins in microbial consortia and link 
the microbial composition to its functionality, however, it is still in its infancy and current 
methods either have a low taxonomic resolution or are low-throughput (Wilmes and Bond 
2006; Kleiner et al. 2018). Metabolomics techniques are also deployed in microbial 
communities to identify metabolic by-products being secreted to the microenvironment 
(Aguiar-Pulido et al. 2016). While all these omics data approaches are of great value and 
provide insight into various microbial communities, a shared downside of them is that genes, 
transcripts, and proteins are dissociated from the organisms and are normally not regarded in 
the genetic and physiological context of the microorganism that they originate, therefore, in 
order to put all these data in a mechanistic structure complementary modelling approaches are 
required. 
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Figure 2. Omics approaches to analyse microbial communities. 16S rRNA-based studies characterise 
microbial communities taxonomically while whole-genome sequencing provides more insight into the 
operational capabilities of the microbial system. Metatranscriptomics elucidates the expressed genes 
in the environmental sample and metaproteomics reveals the protein contents of a sample. 
Metabolomics analyses could be employed to infer metabolic interactions between the community 
members. 
 
2.2.2 Modelling approaches 
Mechanistic understanding of the principles that govern microbial consortia depends on 
predictive tools to contextualize the plethora of data generated by omics-based descriptive 
approaches. These tools might pave the way for the generation of hypothesis regarding cause-
consequence of different observations related to microbial ecosystems and their interplay with 
environmental states, dynamics of consortia assemblage, evolutionary path or fate of microbial 
communities (Zomorrodi and Segre 2016). There are various types of mathematical modelling 
methods that have been used to investigate microbial ecosystems which range from the classic 
ecological theory-based procedures (Lafferty et al. 2015; Bellucci et al. 2015) and Lotka–
Volterra  population dynamics models (Wangersky 1978; Stein et al. 2013) to spatial modelling 
(Cantrell and Cosner 2004; Cosner 2008; D’Acunto et al. 2015), game theory-based approaches 
(Mao, Blanchard, and Lu 2014; Lambert, Vyawahare, and Austin 2014) and agent-based 
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modelling to study species interactions (Hellweger et al. 2016; Kreft et al. 2013; Schluter and 
Foster 2012).  
All the above-mentioned methods are based on relative abundances of community members 
and their simplified interactions in order to predict community dynamics; meanwhile, internal 
biochemical reactions of members are usually not considered. Internal modelling of 
biochemical capabilities of living organisms can be achieved through genome-scale metabolic 
models. These models combined with constrained-based methods could be employed to link 
genotype to phenotype and have become a fundamental and powerful tool in systems biology. 
2.3 Genome-scale metabolic models  
A genome-scale metabolic model (GEM) is a collection of all of the biochemical 
transformations performed by an organism of interest. Each biotransformation is carried out by 
a metabolic reaction which might be catalysed by one or a set of enzymes encoded by a single 
or a collection of genes. From the first prokaryotic genome-scale metabolic models to the more 
recent and complicated ones, the field of metabolic modelling has been expanding to increase 
gene coverage and also include additional elements such as metabolite formulas, charges, and 
different identifiers. These models could be integrated with various omics data to both 
contextualize data and also increase the predictive power of the model. 
2.3.1 Definition  
A genome-scale metabolic model is a mathematical representation of metabolic capabilities 
encoded by the genome of a target organism. Starting from an annotated genome, all available 
biochemical information is compiled into a matrix, called stoichiometric or S matrix. Other 
reactions are also added which include: 
1.  biomass reaction; a fictitious reaction which consumes cellular components with their 
molar ratio as their stoichiometric coefficient. 
2. Exchange reactions; a set of reactions that define a particular medium on which the 
modelled organism grows. 
3. Transport reactions; a set of reactions which transport metabolites from extracellular 
space to cytoplasm. 
All of the reactions mentioned above are added to the S matrix as shown in Figure 3. 
In the stoichiometric matrix, each column and row represent a reaction and a metabolite, 
respectively. Changes in metabolites’ concentrations could be calculated using the S matrix 
and vector of reaction fluxes. Since metabolism is a fast process compared to the other cellular 
processes (such as regulation or cell division), then it is acceptable to presume that it has 
reached steady-state (Terzer et al. 2009). Therefore, the S matrix is used to imply a set of 
constraints known as the mass balance constraints. Another set of thermodynamic constraints 
are also used when the flux capacity of the involved reactions is known. These constraints 
could be categorized as follows: 
1. Directionality constraints; if directionality of a reaction is known, then it could be 
implied by a zero lower or upper bound in case of forward or reverse reactions, 
respectively. 
2. Uptake or secretion fluxes; changes in concentrations of extracellular metabolites could 
be measured and consumption or production fluxes could be calculated, and 
subsequently imposed as constraints on exchange reactions. 
3. Internal fluxes; in case of availability of 13C data, similar to the previous section, bounds 
on internal reactions could also be calculated and applied. 
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After implying all the constraints mentioned above, a feasible flux space is defined which 
satisfies all the mass-balanced and the thermodynamic constraints. Finally, flux through a 
particular reaction, usually the biomass reaction in case of prokaryotes, is optimised based on 
an evolutionary assumption which postulates that bacteria tend to maximise growth (Feist and 
Palsson 2010).This method, known as Flux Balance Analysis or FBA, calculates a flux vector 
which supports the optimal state (Orth, Thiele, and Palsson 2010).  
 
 
Figure 3. Schematic representation of metabolic network reconstruction and flux prediction. A 
simple metabolic network with exchange reactions (vex1, vex2, and vex3), transport reactions (v1, v2, and 
v3), internal reactions, and an objective function is shown. Stoichiometric matrix related to the 
network is formulated and used to impose mass balance constraints, resulting in a feasible solution 
space. Finally, flux values are calculated by optimising the flux through vobjective. 
 
2.3.2 Reconstruction 
The first step in genome-scale metabolic model reconstruction process is genome annotation. 
Based on this step, a list of reactions is gathered and assembled into the stoichiometric matrix. 
At this stage, the GEM is called a draft network which is most probably not able to produce 
several or even any of the biomass precursors. A draft model, therefore, contains “gaps” or 
missing information due to our incomplete understanding of metabolism (Orth and Palsson 
2010). A follow-up procedure, called gap-filling, is necessary to find network gaps and 
eliminate them by adding appropriate metabolic reactions in order to render the draft model 
functional. There are many different methods for reconstruction and gap-filling which could 
be crudely divided into manual and semi-automatic methods which are discussed below. 
A 1 0 0 -1 -1 0 0 0 0 0 0 0
B 0 0 0 0 1 0 0 -1 0 0 0 0
C 0 0 0 0 0 0 -1 3 0 0 0 0
D 0 1 0 -1 0 0 0 0 0 0 0 0
E 0 0 0 1 0 0 -2 0 0 0 0 0
F 0 0 0 0 0 -1 1 0 0 0 0 0
G 0 0 1 0 0 -1 0 0 0 0 0 0
H 0 0 0 0 0 1 0 0 0 0 0 2
Aex -1 0 0 0 0 0 0 0 1 0 0 0
Dex 0 -1 0 0 0 0 0 0 0 1 0 0
Gex 0 0 -1 0 0 0 0 0 0 0 1 0
vex2v8v4 v5 vex1v1 v2 v7 vex3 vObjv6v3
v1
v2
v3
S 
m
at
rix
S.v = 0
Fluxes
vex3
Aex
B
G
C
E
vex2
v8
v4
v5
vex1 A
DDex
v1
v2
v7
Gex
v3
H
F
vObjective
v6
2´
3´
2´
vex3
v7Aex
B
G
C
E
vex2
v8
v4
v5
vex1 A
DDex
v1
v2
Gex
v3
H
F
vObjective
v6
2´
3´
2´
  9 
2.3.2.1 Bottom-up approach 
The reconstruction procedure of early genome-scale metabolic models has been tremendously 
laborious and time-consuming. This bottom-up approach is based on genomic and bibliomic 
data, organism-specific information, protein , and physiological data if available. Afterwards, 
each reaction and gene annotation are checked manually to see whether it fits in the scope of 
reconstruction. Enzyme substrates and cofactors, reaction directionality and localization, 
metabolite formulas and charges, determination of biomass composition, the addition of 
exchange and transport reactions and many more detailed steps follows data retrieval as 
described in a protocol published in 2010 (Thiele and Palsson 2010). Subsequently, in an 
iterative process, the model is assessed for a set of quality-control and quality-assurance tests. 
The most critical criteria include control of mass and charge balance of the network, gap-filling 
analysis, identification of blocked reactions and dead-end metabolites, type-III extreme 
pathway analysis and their curation, and the model’s ability to grow in a biologically feasible 
rate. It is evident that while this approach would most probably result in a high-quality model, 
it is not comparable, in terms of the required time and manual effort, to other more recent and 
advanced methods in which at least parts of the reconstruction process is performed 
automatically. 
2.3.2.2 Semi-automatic approaches  
Model reconstruction have been drastically accelerated with the advent of semi-automatic or 
fully automatic methods such as GEM Systems (Arakawa et al. 2006), Model Seed (Henry et 
al. 2010), SuBliMinaL (Swainston et al. 2011), FAME (Boele, Olivier, and Teusink 2012), 
RAVEN toolbox (Agren et al. 2013), CoReCo (Pitkänen et al. 2014), merlin (Dias et al. 2015), 
Pathway Tools (Karp et al. 2015), pyFBA (Cuevas et al. 2016),Kbase (Arkin et al. 2018), 
CarveMe (Machado et al. 2018), and AutoKEGGRec (Karlsen, Schulz, and Almaas 2018) that 
have minimised the amount of required time and manual work to produce a functional 
metabolic model. These methodologies work based on either previously published template 
models of phylogenetically close organisms or the genome sequence of an organism of interest. 
Thorough comparisons between the aforementioned methods have been discussed elsewhere 
(Hamilton and Reed 2014; Faria et al. 2018). Development of automated model reconstruction 
algorithms have been an area of active research with an obvious benefit of less required time, 
however, these tools do not completely eliminate the need for manual curation in GEMs 
(Karlsen, Schulz, and Almaas 2018). The reason for the need for manual curation is twofold; 
firstly, some information such as reaction directionality, ATP maintenance, biomass 
composition, intracellular pH and organism specific data remain difficult to obtain 
automatically and secondly, during the automatic reconstruction procedures some 
mathematical artefacts and misleading information, such as poor annotation or a misplaced 
reaction, might be added automatically to a model which would subsequently affect the 
model’s prediction accuracy. Therefore, a trade-off between automation and manual curation 
is essential to reconstruct a high-quality genome-scale metabolic model which can produce 
biologically relevant predictions. 
2.3.3 Gap-filling processes 
The draft version of metabolic networks usually is not functional, meaning that at least one 
biomass precursor can be synthesized under steady-state by the set of reactions included in the 
model; in this stage, the model contains missing information. The missing information is 
generally divided into two categories, namely gaps and orphan reactions (Orth and Palsson 
2010). Gaps are reactions occurring in the modelled organism that are absent from the network. 
When there is a hole in a pathway in the network, adjacent metabolites to it cannot be either 
consumed or produced, called dead-end metabolites. Reactions associated with a dead-end 
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metabolite cannot carry flux under steady-state conditions; therefore, they are blocked. Orphan 
reactions, on the other hand, are reactions that are known to occur; however, their 
corresponding gene or enzyme is not identified. It is estimated that up to 40% of all recognised 
enzymatic activities are not associated with sequence data (Pouliot and Karp 2007; Lespinet 
and Labedan 2005; Shearer, Altman, and Rhee 2014). GEMs can be useful in identifying the 
genes related to orphan reactions. For example, in the case of P. aeruginosa and E. coli, a 
manually curated metabolic network led to a series of annotation refinements (Reed et al. 2006; 
Oberhardt et al. 2008). 
There are various methods for gap identification and closure in metabolic networks. Generally, 
these methods first find holes in the network and then suggest a set of reactions that should be 
added to the draft model to restore network connectivity. Some algorithms also provide genes 
that could be associated with the candidate reactions (Pan and Reed 2018). These methods 
often solve a mixed- integer linear programming problem in which a minimal set of reactions 
required to either render the model functional or decrease model-data inconsistencies, is found 
from either a universal database, list of reactions or a template functional model (Herrgård, 
Fong, and Palsson 2006; Reed et al. 2006; Kumar, Dasika, and Maranas 2007; Kumar and 
Maranas 2009; Brooks et al. 2012; Hosseini and Marashi 2017). These methods assume that 
the most parsimonious pathway has a higher chance to occur which would result in a smaller 
GEM (Biggs et al. 2015). 
The MILP-based approaches are, however, computationally demanding and may not be 
applicable to larger genome-scale models. Therefore, alternative methods have been developed 
to circumvent this problem. Algorithms such as FASTGAPFILL (Thiele, Vlassis, and Fleming 
2014) and GLOBALFIT (Hartleb, Jarre, and Lercher 2016) re-formulate the aforementioned 
MILP problem into a series of linear programming or bi-level linear programming problems, 
respectively. In another LP-based approach, dead-end filling (DEF), gaps are eliminated by 
constructing a quasi-endosymbiosis model containing two compartments; the draft model as a 
eukaryotic cell and a list of external reactions as the mitochondrion. It is based on co-evolution 
of primitive eukaryotes and mitochondria postulating that during this process the eukaryotes 
evolved towards the most efficient usage of dead-end metabolites such as oxygen. Other 
methods have also been developed based on network topology (Prigent et al. 2017), likelihood-
based gene annotation (Benedict et al. 2014) and metabolic pattern recognition (Ganter, 
Kaltenbach, and Stelling 2014) to propose additional reactions to a network which would 
ultimately increase the model’s predictive power. Although all these methods aim at 
reconciling computational predictions with experimental measurement, it has been shown in a 
recent study that they might add a significant number of incorrect reactions to a network, 
meaning that, a follow-up manual examination of the proposed reactions by any of the 
mentioned methods is crucial (Karp, Weaver, and Latendresse 2018). 
2.3.4 Flux analysis methods  
Once a draft metabolic network has gone through the gap-filling process, flux balance methods 
can be performed to gain functional insight into its metabolic capabilities. Constraints are 
necessary to define what metabolic and physiological states are “achievable” in the genetic and 
environmental context of the modelled organism, and flux balance methods are applied to 
explore the aforementioned feasible space defined by the stoichiometric and flux capacity 
constraints. There are various variants of flux analysis techniques that are frequently used in 
constraint-based modelling of metabolism. 
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2.3.4.1 Flux Balance Analysis (FBA)  
Flux Balance Analysis seeks to optimise a linear objective function under a set of linear 
constraints. Therefore, in FBA a Linear Programming (LP) problem is solved, and the optimal 
value of the objective function, as well as the value for all variables that support the optimal 
state, are found as depicted in Figure 4. In constraint-based modelling, the objective function 
is usually assumed to be the flux through biomass reaction; however, it can be any 
physiologically meaningful objective such as the production of any metabolite of interest. The 
variables in the LP problem are all of the metabolic reactions included in the model (Varma 
and Palsson 1993; Orth, Thiele, and Palsson 2010). The linear constraints usually concern 
mass-conservation (quasi-steady-state assumption), thermodynamic (reversibility of the 
reactions), and enzyme capacity (uptake and secretion rates of transporters, known internal 
reaction rates) constraints. The outcome of FBA is a flux distribution state that would at the 
same time satisfy all the imposed constraints and support the optimal state. Even though FBA 
is the most frequently used method in constrained-based metabolic modelling, the choice of a 
relevant objective function that would be consistent with in vivo metabolic fluxes in many cases 
remains a challenge (Schuetz, Kuepfer, and Sauer 2007). Furthermore, the flux distribution 
found by FBA is not unique and it only provides one of the many possible flux distributions 
that would support optimality. Alternative solutions normally exist due to the presence of 
parallel biochemical pathways, and therefore, FBA alone might not be sufficient to predict 
physiological characteristics. 
 
Figure 4. Feasible solution space and a linear objective function. A linear objective function is 
optimised within the boundaries of the solution space and its maximum value, as well as, the values 
of all the variables in the respective optimum state are defined. 
 
2.3.4.2 Parsimonious Flux Balance Analysis (pFBA) 
Parsimonious Flux Balance Analysis or pFBA is a variant of FBA that takes enzyme efficiency 
into account. In this method, the underlying assumption is that under the growth pressure, the 
most efficient pathways are the ones that use the minimum number of enzymes (Lewis et al. 
2010). pFBA is a two-step linear programming problem in which growth optimisation is 
followed by minimisation of the sum of the net fluxes of all gene-associated reactions in the 
network. Therefore, pFBA leads to characterisation of the most efficient subset of genes and 
enzymes under particular environmental conditions. Using pFBA flux through 
thermodynamically infeasible loops, a set of reactions forming a closed circle, can also be 
circumvented since it seeks to minimise the sum of fluxes. This approach has been successfully 
employed to investigate gene regulation changes in E. coli during adaptive laboratory evolution 
v1
v2
v3
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(Lewis et al. 2010). Additionally, in a systematic comparison with other predictive methods 
for flux distributions using E. coli model and 13C measurements, pFBA showed the lowest 
median of error and the smallest variation in error distribution compared to other methods 
(Machado and Herrgård 2014). 
2.3.4.3 Flux Variability Analysis (FVA)  
In a metabolic model with m metabolites and n reactions, usually, the number of variables 
(reactions) exceeds the number of compounds (n > m), resulting in the network being under-
constrained . It means that for an optimum state, regardless of the objective function, there 
exists a countless alternative number of flux vectors which could be attained as shown in Figure 
5. Another reason for the existence of alternative flux distributions in a single optimal state is 
the presence of silent biological phenotypes that would result in achieving maximum growth 
rate (or optimum of any other objective function) via different metabolic pathways 
(Raamsdonk et al. 2001; Reed and Palsson 2004).In order to fully explore the range of 
allowable fluxes, it is possible to see the minimum and maximum value of flux of the reactions 
in which the objective function remains at its optimum point. For this means, a method called 
Flux Variability Analysis (FVA) is employed to reveal the range of alternative flux 
distributions. In FVA, objective the function is fixed at its optimum value and flux through 
each reaction in the network is minimised and maximised under the same mass-balance and 
flux capacity constraints (Mahadevan and Schilling 2003).   
 
Figure 5. Flux variability in metabolic networks. There are alternative solutions for achieving an 
optimum. Flux through v1, v2, and v3 can have any value in the highlighted ranges without affecting 
the value of the objective function.  
 
2.3.4.4 Flux Coupling Analysis (FCA) 
GEMs can be employed to find dependencies and relationships, known as flux coupling, 
between metabolic reactions based on their flux values. This feature reflects a network’s 
topology and the level of connectivity between its reactions. In Flux Coupling Analysis or 
FCA, first all of the blocked reactions, i.e. the reactions unable to carry a non-zero flux under 
a specific uptake scenario, are identified in the network and then, all possible types of coupling 
between the remaining active reactions are investigated. There are mainly three types of flux 
coupling between non-blocked reactions: 
1. Directional coupling: Reaction vi and vj are directionally coupled if a non-zero flux 
through one of them implies a non-zero flux for the other. Notice that this type of 
v1
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coupling is unidirectional. vi ® vj means that reaction j is directionally coupled with 
reaction i, therefore, only a non-zero flux through i would activate j, and not vice versa. 
2.  Partial coupling:  Reaction vi and vj are partially coupled if a non-zero flux through 
either of them implies a non-zero flux through the other. Partial coupling is a 
bidirectional relationship; vi « vj means that vi would have a non-zero flux if and only 
if vj is active.  
3. Full coupling: Reaction vi and vj are fully coupled if they are partially coupled and the 
ratio between their flux values are constant. vi Û vj means that a non-zero flux through 
vi would result in a fixed flux through vj and vice versa. 
If reactions do not fall into any of the abovementioned categories, they are uncoupled. In FCA, 
first every reversible reaction is divided into two irreversible ones; therefore, flux space is 
restricted to positive values. Then, the reactions whose maximum is zero are identified as 
blocked reactions. Subsequently, a ratio between the flux values of any two reactions is defined 
and its minimum and maximum are calculated. Finally, reactions are grouped as shown in 
Figure 6. Coupling analysis helps to identify enzyme subsets which work together and provide 
detailed information of the topology of the network that could be used to pinpoint reactions 
involved in a thermodynamically infeasible loop. 
A     B    C 
 
 
Figure 6. Different types of flux coupling in a simple network. A) v2 is directionally coupled to v4 and 
v5 because a non-zero flux through either of these two would imply the activity of v2, but not vice 
versa. B) v4 and v6 are partially coupled with v1 since a non-zero flux through the first two would imply 
a non-zero flux through v1 and vice versa. C) v2 and v5 are fully coupled as any non-zero flux though v2 
continues via v5. 
 
2.3.4.5 Uniform random sampling of the flux space 
Flux space contains all the feasible functional scenarios of a metabolic network under its 
physiochemical laws. Uniform random sampling of the flux space is an unbiased means of 
characterising its contents. The flux space is a polyhedron in n-dimensional space defined by 
mass-balance and flux capacity constraints as shown in Figure 3. First, a parallelepiped is found 
which encloses the feasible space as tight as possible. Then, random sampling is performed by 
assigning uniformly random weights on its spanning edges (Price, Schellenberger, and Palsson 
2004). By uniformly sampling the solution space a set of random samples are generated as 
depicted in Figure 7 which can show probability distribution of possible flux values by the 
reactions and can also be used to investigate statistical correlations between the reactions. For 
example, by calculating pairwise correlation coefficients, correlated sets of reactions known as 
co-sets can be identified. While ½rij½ = 1 correlation coefficient means prefect co-dependence 
between reaction i and j, rij = 0 implies that the pair are independent. There are also imperfectly 
correlated reactions in a network (0 < rij < 1). This approach is helpful in informative 
experimental design; measurement of the flux of any of the reactions in a perfectly correlated 
set is sufficient to know the flux through all of them. 
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Figure 7. Uniform random sampling of the feasible solution space. 
 
2.3.5 Evaluation of modelling predictions  
Genome-scale metabolic networks are employed to compute testable predictions regarding 
physiological properties such as optimal growth state, gene essentiality and biochemical 
potentials and incapabilities of the modelled organism. For bacterial models, the growth rate is 
calculated by optimising flux through the biomass reaction of the network. If the predicted 
value is too high compared to the experimentally measured one, it might be due to the presence 
of falsely included reactions, wrong estimation of biomass precursors’ molar ratios, incorrect 
growth or non-growth associated ATP values.  On the other hand, if the predicted value is too 
slow compared to the actual rate, the reason could be one or a series of limiting biomass 
precursors; cellular components that cannot be synthesized efficiently. In this case, normally, 
the bottlenecks are identified and curated until the predicted growth rate reaches the 
experimentally observed one (Thiele and Palsson 2010).  
Binary growth profiles of microorganisms of various carbon or nitrogen sources could also be 
predicted and evaluated using GEMs. This approach has been deployed for numerous models 
using BIOLOG substrate utilization data in order to evaluate and expand the models (Puchałka 
et al. 2008; Bochner, Gadzinski, and Panomitros 2001; Babaei, Marashi, and Asad 2015; Henry 
et al. 2009; Balagurunathan et al. 2012; Henry et al. 2017; Norsigian et al. 2018; Oberhardt et 
al. 2008). Results of predictions regarding substrate utilization could be categorized into 4 
groups; true positives, false positives, true negatives, and false negatives. While true positives 
and true negatives show an agreement between computation and experiments, false positives 
and false negatives pinpoint to the pathways that require further refinements.  
Another common test for accuracy of metabolic model predictions is the ability to predict gene 
essentiality. With the advent of molecular genetic tools and high-throughput phenotypical 
assays data regarding gene knockout phenotypes has expedited. It is also quite fast to acquire 
growth predictions for single or combinatory gene knockout predictions using a genome-scale 
metabolic model as these models include gene-protein-reaction rules. Similar to substrate 
utilization data, in case of discrepancy the model should be investigated to find the root of the 
disagreement. In case of false positives, an incomplete modelled reactome might be expanded 
to be able to reflect phenotypical observations and for false negatives, a falsely incorporated 
reaction might be the culprit (O’Brien, Monk, and Palsson 2015).  
Flux through exchange reactions calculated by exo-metabolomics data or internal reactions 
based on 13C labelling experiments data could be both used as a constraint or as a means of 
evaluation. For example, in case of exo-metabolomics data availability, consumption fluxes 
v1
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could be used to fix the corresponding exchange reactions’ bounds to the experimentally 
measured values while predicted production fluxes are used to evaluate the model’s accuracy 
or vice versa.  Additionally, the models should also be able to predict an organism’s 
biochemical inability, meaning that if an organism is known not to consume or produce one or 
a set of certain metabolites, the model should be able to reflect it. 
Inconsistent predictions cannot be completely removed since some of them might be due to 
other cellular processes or constraints which are not in the scope of metabolic models. For 
example, cellular spatial constraints, protein costs, post-translational modifications, and 
regulatory processes influence metabolism without being considered in GEMs.  
2.3.6 Quality control of GEMs 
In addition to a model’s predictive ability, there are other features that one should test to 
increase the quality of a GEM iteratively. These characteristics include: 
1. Network connectivity in terms of permanently blocked reactions and dead-end 
metabolites. In a well-connected and flux consistent network, all of the reactions should 
be able to carry non-zero flux when all of the exchange reactions are unbounded. 
2. Percentage of gene-associated reactions; It is important for a GEM to have relatively high 
gene-associated reactions, otherwise, if a reaction is in the network without any GPR rules, 
there should be biochemical data supporting its existence in the modelled organism. 
3. The absence of thermodynamically infeasible cycles. Reactions in a metabolic network 
might form a loop which violates thermodynamics second law since a non-zero flux 
through a closed loop would require flux against the chemical potential of metabolites. 
4. Percentage of biomass precursors that are directly consumed from the media. There is a 
certain degree of auxotrophy in many modelled organisms, however, when the majority of 
biomass precursors are directly taken from the media and consumed by the biomass 
reactions, one might suspect that such a shortcut might be a side-effect of addition of 
reactions proposed by the gap-filling method which tries to minimise the number of added 
reactions. 
5. The absence of energy-generating cycles; it has been shown in a recent study that wrong 
directionality of energy-generating reactions coupled with an internal loop might lead to 
excess production of energy, consequently leading to up to 25% increase in the growth 
rate production (Fritzemeier et al. 2017).  
2.4 Metabolic modelling of microbial communities using GEMs  
GEMs can serve as structured scaffolds for omics data contextualization and are powerful 
predictive tools for single cell’s physiological characteristics. With the increasing availability 
of high-throughput omics data and ever increasing number of reconstructed GEMs, it is now 
possible to extend them to multispecies systems which would offer insight into metabolic 
machinery and web of interactions in microbial communities. Several frameworks have been 
developed for this means which vary considering their scope, resolution, a priori assumption, 
and potential usages.  Some of the most frequently used methods to simulate microbial 
communities are the gene-soup approach, compartmentalization, separation of species-level 
and community-level objective functions, and dynamic modelling which are discussed below.  
Gene-soup or enzyme-soup (also known as mixed-bag) approach is the simplest of all of the 
methods mentioned above to interrogate a community’s overall metabolic capabilities. As 
shown in Figure 8A in this method, a model is built upon the annotation of meta-omics data 
obtained from an environmental sample. Briefly, a list of present enzymatic reactions is 
gathered and the whole community is regarded as a supra-organism without accounting for the 
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existing boundaries between the consortia members (Abubucker et al. 2012; Henry et al. 2016; 
Faria et al. 2016). Subsequently, reactions are compiled into a single stoichiometric matrix and 
finally, a generalized biomass reaction is formed and optimised (Tobalina et al. 2015). In this 
procedure, any two reactions could potentially be connected and it is more suited for under-
studied microbial communities as there is a limited requirement  for a priori assumptions (Taffs 
et al. 2009). The focus in this approach is on environment-consortia interactions and it does 
not provide species-resolution information such as metabolic or biological interactions. There 
is also a lack of accuracy associated with neglecting the cellular boundaries.  
To predict cross-species metabolic exchanges and biological interactions, a set of GEMs can 
be linked together in a compartmentalized model, similar to a eukaryotic cell in which each 
organelle is represented as a separate compartment as depicted in Figure 8B. In this approach, 
S matrices are combined into a “meta-stoichiometric matrix”. In the compartmentalized model 
each compartment is one member of the modelled microbial consortium and these units interact 
through transmembrane reactions via a shared environment. Relative abundance of microbes 
in the community is used to formulate a weighted linear combination of the biomass reactions 
of the community members which is used as the community objective function (Biggs et al. 
2015). This procedure is the most frequently used method to simulate microbial communities 
because of its simplicity, species-level resolution and potential to scale-up for larger 
communities and has resulted in reasonable agreements with experimental observations 
(Stolyar et al. 2007; Shoaie and Nielsen 2014; Bordbar et al. 2010; Klitgord and Segrè 2010; 
Freilich et al. 2011; Heinken et al. 2013; Khandelwal et al. 2013; Nagarajan et al. 2013; Shoaie 
et al. 2013; Ye et al. 2014). However, the assumption of a linearly combined biomass function 
in this approach is difficult to justify biologically and might not apply to every microbial 
community. To circumvent this, one way is to separate species-level and community level 
objective functions. For example, in OptCom method, a community-level objective function is 
optimised in a nested bi-level optimisation as shown in Figure 8C. The outer or the community-
level objective function is subject to the inner problem’s objective function, or individual 
biomass reactions (Zomorrodi and Maranas 2012). Another study concerning two separate 
objective functions is the CASINO toolbox, in which the community-level and species-level 
objective functions are optimised iteratively until the local and global optimums converge 
(Shoaie et al. 2015). In addition to a simple objective function, the compartmentalization 
approach assumes microbial communities to be in steady-state which would not allow 
metabolite accumulations and abundance changes over time. These community characteristics 
can be captured using dynamic FBA (dFBA) which performs time-dependent growth 
optimisation of each community member independent of the others according to the nutrient 
availability (Mahadevan, Edwards, and Doyle III 2002). In this framework, kinetic expressions 
for nutrient utilization are required, and concentration of metabolites and cell densities can 
change, rather than being in steady-state. Therefore, dFBA enables us to monitor a microbial 
community over time rather than providing a snapshot of community-level metabolism. It can 
also be combined with other approaches, such as OptCom, to upgrade them into dynamic-level 
resolution (Zomorrodi, Islam, and Maranas 2014). dFBA has been implemented to study 
spatio-temporal and metabolic dynamics of small microbial consortia comprised of two or three 
microbes (Harcombe et al. 2014; Zhuang et al. 2011; Chiu, Levy, and Borenstein 2014; Louca 
and Doebeli 2015; Tzamali et al. 2011). Even though dFBA circumvents the need for 
optimisation of a single objective function, paucity of kinetic parameters, on the other hand, 
hampers its use for more complicated and little-understood microbial communities. Besides, it 
is more time-intensive and computationally expensive to implement dFBA compared to its 
simpler version. 
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There are other approaches to simulate microbial communities with the help of genome-scale 
metabolic models. For instance, GEMs have also been combined with Agent-based modelling 
to simulate biofilm formation by Pseudomonas aeruginosa (Biggs and Papin 2013) and also 
polymicrobial microbial communities (Bauer et al. 2017) to explore spatio-temporal dynamics 
of the consortium. All of these computational advances pave the way towards a deeper 
understanding of dynamics and metabolic interactions of microbial communities.  
 
A         B      C  
 
 
Figure 8. Microbial community simulation using genome-scale metabolic models. A) enzyme-soup. 
B) Compartmentalisation and C) bi-level optimisation approach. In each case the green arrows 
represent the objective function. In enzyme-soup and compartmentalisation methods, one 
community objective function is optimised while in a bi-level method there are inner and outer 
objective functions. 
 
2.5 Gut microbiota 
Microbial communities colonize almost every nook and cranny of the human body. Their 
diversity and abundance differ greatly depending on the site of the body they thrive on, but the 
gut dwellers form the most densely populated microbial community amongst all. This dense 
collection of microorganisms comprising of bacteria, archaea, viruses, and eukarya, is called 
the human gut microbiota and their collective genomic content is referred to as the gut 
microbiome (Thursby and Juge 2017). The gut microbiota is immensely diverse; including 
more than 1,000 species, however, it is dominated by two bacterial phylotypes: Bacteroidetes 
and the Firmicutes (Kovatcheva-Datchary, Tremaroli, and Bäckhed 2013). It has been 
estimated that the human gut microbiota outnumbers human somatic cells by a factor of 10 
(Bäckhed et al. 2005; Savage 1977); however, a more recent study has suggested the ratio is 
actually 1:1 (Sender, Fuchs, and Milo 2016). Regardless of the ratio, their physiological role 
in human health is undeniable and being increasingly characterised. The gut colonisers are 
involved in gut homeostasis (Jandhyala et al. 2015; Lin and Zhang 2017), defence against 
pathogens (Pultz et al. 2005; Kommineni et al. 2015; Ubeda, Djukovic, and Isaac 2017), energy 
harvest (Cani et al. 2019; Rosenbaum, Knight, and Leibel 2015), immune system maturation 
and response (Kim et al. 2018; Hooper, Littman, and Macpherson 2012), and synthesis of 
neurotransmitters (Luan, Wang, and Cai 2019). These functions may be disrupted as a result 
of an altered microbial composition (dysbiosis). Perturbed gut microbiota is associated with 
many diseases, ranging from metabolic disorders such as obesity to neurobehavioral conditions 
like autism, that are being steadily recognized (Chang and Lin 2016; Hughes, Rose, and 
Ashwood 2018).  
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2.5.1 Metabolic functionality of the human gut microbiota  
The gut microbiota is an essential metabolic repertoire which is complementary to the human 
digestive system. One of the most critical functions of the human gut microbiota is digestion 
of food components that are otherwise undigestible (Rowland et al. 2018). The gut commensals 
contribute to the human digestive systems by providing enzymes which are not encoded by the 
human genome for the breakdown of complex polysaccharides and polyphenols as well as the 
synthesis of vitamins. The gut bacteria mainly rely on carbohydrates which have escaped the 
digestive enzymes and reached the colon. In the absence of such substrates though, bacteria 
shift to fermentation of other energy sources such as proteins, resulting in metabolites that 
might be detrimental for human health. Colonic fermentation of proteins is associated with 
higher risk for colorectal cancer since it results in the production of branched-chain fatty acids 
and other potentially toxic metabolites such as thiols and amines (Kovatcheva-Datchary, 
Tremaroli, and Bäckhed 2013).  
2.5.1.1 Short-chain fatty acids 
Short-chain fatty acids are the primary saccharolytic fermentation end products of the gut 
microbiota using complex carbohydrates as substrates. Acetate, propionate, and butyrate are 
the most abundantly produced SCFAs with the molar ratio in the range of 3:1:1 to 10:2:1 
(Rowland et al. 2018). These metabolites play vital roles in the host metabolism regulation 
(Koh et al. 2016). Acetate, the most abundant SCFA, is transported via the bloodstream to other 
organs where it is used in cholesterol metabolism and lipogenesis (Nicholson et al. 2012). 
Propionate is also carried in the blood and transferred to the liver where it is involved in 
gluconeogenesis (Tremaroli and Bäckhed 2012). Bacterially produced butyrate is the preferred 
energy source for the colonic epithelial cells. Colonocytes of germ-free mice are energy 
deprived and show a decreased expression of enzymes in TCA cycle (Donohoe et al. 2011). 
Even though butyrate has been reported to have anti-cancer potentials by inducing apoptosis 
in tumour cells in some studies, the opposite effect has been revealed in some others (known 
as the butyrate paradox) (Tilg et al. 2018). It has been shown in a study that tumour load was 
decreased by antibiotic treatment and less intake of fiber (Belcheva et al. 2014). The butyrate 
paradox, still an open question, highlights the need for the mechanistic understanding of the 
multi-factor host-microbe interactions.    
2.5.1.2 Amino acids 
Among many metabolic capabilities characterised in the gut microorganisms’ biochemical 
repertoire is the ability to produce amino acids from nitrogen sources using the energy extracted 
from dietary carbohydrates (Metges 2000; Matteuzzi, Crociani, and Emaldi 1978; Neis, 
Dejong, and Rensen 2015). Lysine and threonine of microbial origin were identified in rat 
models that were fed a protein-free diet containing fermentable carbohydrates and labelled 15N 
in 15NH4Cl (Torrallardona et al. 1996). Even though amino acid absorption occurs mainly in 
the small intestine, the importance of amino acid production by the gut microflora should not 
be neglected. There is some evidence for this phenomenon; for instance, peptide transporters 
have been identified in rabbit colon (Döring et al. 1998) and utilization of microbially produced 
essential amino acids has been reported in pigs and rats (Torrallardona et al. 1996; 
Torrallardona et al. 1994). Additionally, enrichment of amino acid biosynthesis genes in the 
human gut microbiome has been reported (Gill et al. 2006), however, further studies are 
required to gain a clearer understanding of the contribution the gut flora to amino acid 
production in humans. 
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2.5.1.3 Vitamins 
Biosynthesis genes for most of the vitamins are not encoded by the human genome and these 
nutrients need to be provided exogenously; either through diet or by the human gut commensals 
which can synthesize these micronutrients de novo. These microorganisms are capable of 
synthesizing vitamin K and the majority of B vitamins which are absorbed in the colon, unlike 
the diet-originated vitamins that are absorbed in the small intestine (Said and Mohammed 
2006). Folate, for instance, categorized in B vitamins group, can be synthesized by certain 
species of bifidobacteria. It has been shown that hepatic and faecal folate concentration 
increases after administration of bifidobacteria in rats and humans, respectively (Pompei et al. 
2007; Strozzi and Mogna 2008). Cobalamin, another vitamin in B group, can be produced by 
L . reuteri and propionibacteria which are residents of the human colon and can, therefore, 
provide this vitamin for the host. Vitamin K, also known as menaquinone, has been reported 
to be bacterially produced. Although, in this case, the majority of daily requirement is provided 
from the diet since germ-free model animals can still get sufficient menaquinone (Suttie 1995; 
Davidson et al. 1998). 
2.5.2 Composition 
The taxonomic composition of the complex gut microflora is diverse and host-specific. In 
general, Bacteroidetes and Firmicutes prevail in the gut flora, followed by Actinobacteria and 
Proteobacteria. These four phyla together account for 97% of the gut microbial population 
(Donaldson, Lee, and Mazmanian 2016; Rosenbaum, Knight, and Leibel 2015). The two 
predominant phyla are seen in an inverse association meaning that whenever one is dominant 
the other is present in smaller diversity (Huttenhower et al. 2012). The ratio between these two 
phyla (Firmicutes/Bacteroidetes) changes during an individual’s lifetime from ranging from 
0.4 in infancy to 10.9 in adulthood and decreasing as one ages to 0.6 (Mariat et al. 2009). 
Bacteroidetes are specialized fiber degraders since as high as 10% of the genome of some of 
the species in this phylum is dedicated to polysaccharide degradation resulting in the 
production of fermentation end products such as acetate (Xu et al. 2007). Firmicutes, on the 
other hand, can produce butyrate, the colonocytes’ preferred energy source, using acetate 
produced by Bacteroidetes (Louis and Flint 2017). Many factors affect the composition of the 
human gut microbiota; amongst which, diet, host genetics, environmental factors, and early 
microbial exposure play critical roles. Despite its dynamic nature, the adult gut microbiota is 
relatively stable, as a dominant core microbiota consisting of 40% of its species is persistent 
for at least one year in people (Martínez, Muller, and Walter 2013). However, this composition 
is prone to change as a result of antibiotic treatment, bacterial infection, long-term shift in 
lifestyle and GI surgery (Rodríguez et al. 2015). 
2.5.3 Development 
The first microbial exposure depends on the mode of delivery. It has been reported that the 
microbiota of infants that are delivered naturally is similar to that of their mothers’ vaginal 
communities dominated by Lactobacillus and Prevotella spp., whereas the microbiota of 
babies delivered through C-section resembles adult skin microbiota dominated by 
Staphylococcus and Corynebacterium spp. The neonate’s microbiota has been shown to be 
analogous across different body parts (Dominguez-Bello et al. 2010). C-section delivery has 
been linked to the development of gastrointestinal symptoms, sensitivity to nutritional 
allergens, allergic rhinoconjunctivitis, and also higher risk of childhood-onset type I diabetes 
during the first year after birth in neonates (Laubereau et al. 2004; Renz-Polster et al. 2005; 
Cardwell et al. 2008). 
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The maternal microbiota, regardless of the mode of delivery, forms the microbial “seed” for 
the infant. This microbial inoculum subsequently increases in diversity until it reaches an adult-
like composition after 2-5 years (Rodríguez et al. 2015). Many postnatal factors influence the 
infants’ microbiota development process; namely, sanitation, diet (breast milk or formula), 
gestational age and antibiotic treatment. Colonization of the infant’s gut starts with facultative 
anaerobes and is followed by strict anaerobic genera such as Bacteroides, Clostridium, and 
Bifidobacterium. A neonate’s gut is initially colonized by Proteobacteria and Actinobacteria 
and has a low diversity, then progress towards higher diversity and dominance of Bacteroidetes 
and Firmicutes occurs (Bäckhed 2011). By the age of one, infants acquire a unique microbial 
composition which continues to mature towards an adult gut flora (Yatsunenko et al. 2012). 
This is one of the reasons behind the importance of food interventions in early infancy since it 
plays a key role in the maturation of the intestinal microbiota which in turn, influences the 
child’s growth and neurodevelopment (Borre et al. 2014).  
The majority of the studies concerning the composition of the human gut microbiota rely on 
faecal samples and sequencing 16S rRNA gene using next-generation sequencing techniques. 
Faecal samples, however, may not reflect what resides in the human gut accurately. Besides, 
the 16S rRNA identification methodologies have a resolution level which allows 
characterisation of microorganisms in the level of genus or species. Therefore, it remains a 
challenge to accurately describe the real diversity of healthy adults’ gut microflora. However, 
the consensus is that this microbial community is dominated by a coalition of Bacteroidetes 
and Firmicutes and once matured, it is relatively stable unless it is exposed to host-related 
changes (Faith et al. 2013). 
2.5.4 Diet and malnourishment  
Diet is a primary modulator of the gut microbiota. The increasing trend of microbiome-
associated diseases in the past century may pinpoint the hypothesis that changes in lifestyle, 
and more specifically daily nutritional intakes affect the microbial composition and function 
which have shown to have detrimental consequences. For instance, the western diet which is 
deficient in fiber and high in fat and simple carbohydrates may lead to long-term loss of 
beneficial bugs in the gut community (Sonnenburg et al. 2016).Therefore, it is not surprising 
to see a perturbed gut microbial composition in case of malnourished children. According to 
the World Health Organization’s (WHO) definition malnutrition occurs when the diet is 
deficient, excess, inadequate or imbalanced in energy or nutrients (World Health Organization 
2016).  
Infant gut bacterial maturation is characterised by a rise in bifidobacteria; facultative anaerobes 
which pave the way towards blooming of anaerobes by their protective effects against 
pathogens. Depletion of Bifidobacterium longum leads to gut microbial compositional shift 
which is associated with severe acute malnutrition. Subsequently, an altered community of 
microbes would not be able to harvest energy, provide vitamins, and have a functional barrier 
effect which would lead to infections and other harmful consequences (Million, Diallo, and 
Raoult 2017). For instance, it has been shown that an immature gut microbiota combined with 
diet plays a crucial role in under-development of children diagnosed with kwashiorkor (a form 
of severe malnutrition). In this study, the gut microbiota of homozygotic twin pairs discordant 
for kwashiorkor was transferred to germ-free mice, and it was observed that mice lost weight 
severely on a poor diet. Additionally, the weight loss was only partially regained when the 
modelled mice for kwashiorkor underwent food therapy (Smith et al. 2013). Another study 
identified a group of 12 gut symbionts which were exclusively present in healthy children and 
absent from their stunted counterparts in a cohort living in a close area (Tidjani Alou et al. 
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2017). These findings highlight the pivotal role of the gut microbiota in postnatal growth and 
potential for microbiotherapy for the treatment of malnutrition (Schwarzer 2018). 
2.6 Microbial consortia in food production 
The spectrum of benefits gained by microbial metabolic engines extends to include fermented 
food production. Microbes, either fermenting in single form or a consortium, have been 
traditionally used to manufacture a variety of products; wine by grape juice fermenting yeast, 
dairy products by milk souring lactic acid bacteria, and fish and milk products are a few 
examples in which microbial fermentation results in both flavour and aroma development and 
creating an environment which would prevent spoilage or growth of pathogenic strains 
(Bokulich et al. 2016; Cocolin and Ercolini 2015). Food microbiology has traditionally 
followed a reductionist approach; however, nowadays it frequently benefits from high-
throughput sequencing methodologies and computational modelling procedures. Metagenomic 
and metatranscriptomics have been employed to explore metabolic interaction within microbial 
consortia and even optimise them towards the desired direction. 
2.6.1 Lactic acid bacteria  
In spontaneous food fermentation, lactic acid bacteria are among the abundant microorganisms. 
Lactic acid bacteria (LAB) are gram-positive, non-spore forming, microaerophilic bacteria that 
typically convert carbohydrates to lactic acid through the non-respiratory metabolism 
(Bachmann et al. 2017). There are two main categories of hexose fermentation in these bacteria, 
namely, homo-fermentative and heterofermentative pathways and each lead to a different set 
of end-products. Glycolysis in homofermentative strains results in lactate formation, while in 
heterofermentative strains CO2, ethanol, and acetate are also formed in addition to lactate 
(Kandler 1983). Lactic acid bacteria are classified as obligate homofermentative, obligate 
heterofermentative and facultative heterofermentative. Homofermentative LABs ferment 
glucose via Emden–Meyerhoff pathway in which 2 moles of lactate and ATP are produced 
from 1 mole of glucose, and pyruvate is the main branching point. In heterofermentative LABs, 
phosphoketolase pathway is used for glucose catabolism which results in the production of 1 
mole of ATP, lactate, and ethanol, while acetyl-phosphate is the main branching point of 
metabolism. LAB act food-specific; homofermentative LABs are used as the sole microbial 
strains in dairy and meat fermentation, and work together with heterofermentative LABs on 
other raw material such as vegetables. (Gaenzle 2015) 
2.6.2 Fermented milk products  
It is estimated that humans have been consuming fermented milk products for as far as 12,000 
years ago (Hill et al. 2017). Lactic acid bacteria and bifidobacteria produce a variety of 
compounds during milk fermentation which contributes to the unique taste and aroma of the 
final product. For example, in yogurt, there are two LAB strains as the bacterial starter culture, 
namely Lactobacillus delbrueckii subsp. bulgaricus and Streptococcus thermophilus, the 
former acidifies the environment by producing lactate and the latter contributes to yogurt’s 
unique flavour by producing acetaldehyde. There have been attempts to enhance S. 
thermophilus’s ability to produce acetaldehyde by metabolic engineering strategies (Chaves et 
al. 2002). Other volatiles such as diacetyl, acetoin, acetone, and 2-butanone are found in yogurt 
which are microbially produced and contribute to the flavour (Cheng 2010), therefore, it is 
evident that optimisation for production of a range of compounds along with other features of 
yogurt (optimum ratio between the starter culture bacteria), would be demanding and 
challenging. Computational models have the potential to provide testable hypotheses for 
achieving the optimum product in food microbiology. 
  22 
2.6.3 Probiotics  
Lactic acid bacteria and bifidobacteria display probiotic potentials. Probiotic strains are non-
pathogenic live microorganisms in food that are able to deliver certain health benefits when 
provided in adequate amount. Historically, consumption of live bacteria in food gained 
popularity over a century ago when Élie Metchnikoff hypothesized that the longevity of 
Bulgarian farmers is because of their daily intake of yogurt since the bacteria found in yogurt 
have anti-ageing capabilities (Brown and Valiere 2004; Metchnikoff 2004).  
Proposed health benefits for probiotics include alleviation of lactose intolerance, prevention 
against infections, positive influence on immune system and treatment of antibiotic-resistant 
diarrhoea (Ouwehand, Salminen, and Isolauri 2002; Schrezenmeir and de Vrese 2001). 
However, the scientific evidence for the claimed health benefits remains to be investigated as 
the current information is relatively sparse and conflicting as their survival through the human 
gastrointestinal tract and mechanism of action and dynamics of colonization in the gut are still 
debated. (Zmora et al. 2018).  
Some studies have shown that the presence of the probiotics in the gut and their subsequent 
delivery of the proposed health benefits, is restricted to the consumption of the bacteria 
supplemented food (Wang et al. 2015; McNulty et al. 2011). Whether probiotics have an effect 
on the host’s gut microflora is also not clear; as contradictory reports have shown both possible 
scenarios of modulating the microbial composition (Ferrario et al. 2014; Wang et al. 2015) or 
ineffectiveness on the gut dwellers make-up (Kristensen et al. 2016; Laursen et al. 2017). A 
recent study, using an invasive approach of colonoscopy on humans, have shown that the 
ability of probiotic strains to colonize the mucus layer depends on the host, probiotic strain, 
and the region of the gut, therefore, multiple factors play key roles in probiotic dynamics in the 
gut (Zmora et al. 2018).  
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3. Results & discussion 
3.1 PAPER I & V: Genome-scale metabolic models and pairwise simulations in health 
and disease  
Diet, especially in early infancy when the fragility of the gut microbiota is high, can influence 
the gut microbial make-up in terms of richness, evenness, and diversity (Brüssow 2016). 
Correspondingly, a diet deficient in certain nutrients or calories in case of malnourished 
children would alter their gut microbiota composition drastically as shown by metagenomics 
studies on the faecal samples of the children from Bangladesh and Malawi (Smith et al. 2013; 
Subramanian et al. 2014). These studies investigated the differences in taxonomic 
configurations of the gut microbiota between health and malnutrition based on either 16S 
rRNA analysis (Subramanian et al. 2014) or metagenome shotgun sequencing (Smith et al. 
2013; Blanton et al. 2016). The malnourished children underwent food therapy which 
transiently influenced their health and maturation of the gut microbiota; however, underlying 
mechanisms for governing the difference between a healthy and diseased gut bacterial 
community requires mechanistic models. Therefore, in paper I, we have introduced a 
constrained-based metabolic modelling approach to investigate the biochemical capabilities of 
the gut microbiota in different states of health and dietary intakes.  By this means, we have 
analysed the relative taxonomic abundance of the gut bacteria in three groups of children from 
Bangladesh (Subramanian et al. 2014; Blanton et al. 2016) and Malawi (Smith et al. 2013) each 
consisted of healthy and malnourished cohorts and a group of healthy Swedish infants 
(Bäckhed et al. 2015). For each community, we selected the 20 most abundant species to 
simplify the modelling platform by restricting the species to the dominant ones. An overall of 
68 species was chosen, and their phylogenetic relationships and genetic properties are shown 
in Figure 9A.  
Since low diversity has been associated with a dysfunctional gut (Menni et al. 2017), we 
calculated the Shannon-Wiener index (Hurlbert 1971) for four datasets of the aforementioned 
communities. In the Shannon-Wiener index as shown below, Pi is the relative abundance of 
species i, and S is the number of species in the microbial community. As depicted in Figure 9B, 
the Swedish community has a significantly higher diversity index compared to the other groups 
(P < 0.01). Firmicutes to Bacteroidetes ratio (F/B) was also calculated and was found to be 
significantly lower in Swedish cohort compared to the data from other the two other countries 
as shown in Figure 9C (P < 0.01). F/B ratio is associated with disorders such as Inflammatory 
Bowel Disease (IBD) and obesity (Sokol et al. 2009; Turnbaugh et al. 2006). 
 𝑆ℎ𝑎𝑛𝑛𝑜𝑛 −𝑊𝑖𝑒𝑛𝑒𝑟	𝑖𝑛𝑑𝑒𝑥 = 	−0𝑃2𝑙𝑜𝑔5(𝑃2)829:  
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Figure 9. Gut microbes in healthy and malnourished children. A) Phylogenetic relationship between 
the 20 most abundant species identified in Swedish (S), Bangladeshi (B), and Malawian (M2) 
populations. Species written in black are pathogenic or conditionally pathogenic bacteria. The bars on 
the outermost circle shows the number of the genes, and the circle with blue bars represents genome 
size. Solid and empty green circles mean presence and absence in each of the communities 
respectively. B) Shannon- Wiener diversity index and C) F/B ratio of the gut microbiota in all groups. 
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The species whose genomes were not fully sequenced were excluded (10 species) and genome-
scale metabolic models were reconstructed for the remaining 58 species. As explained in 
section 2.3, a GEM is a collection of an organism’s biochemical capabilities in the context of 
its physiochemical, thermodynamic, genetic and environmental constraints. Draft models were 
reconstructed using Kbase platform (Arkin et al. 2018) which is based on the ModelSEED 
pipeline (Henry et al. 2010), followed by a gap-filling step in the same platform to render the 
draft models functional. Since reactions with low confidence score might be added to the draft 
models during the gap-filling process, the GEMs that had at least 75% gene-associated 
reactions were retained for further curations, analysis, and validation. Curations include 
anaerobic growth, reactions directionality, metabolic tasks, and improvement of annotations. 
Oxygen pressure is relatively low in the gut environment; therefore, the majority of the gut 
commensals either grow anaerobically or micro-aerobically. To enable anaerobic growth, all 
oxygen-dependent essential and synthetic lethal reactions were identified. Subsequently,  these 
reactions were replaced by alternative reactions in which the main substrates and products were 
the same as the original reactions, but the chemical conversion was performed with molecules 
other than oxygen. In the case of facultative anaerobic species, both oxygen-dependent and 
oxygen-independent reactions were included so that micro-aerobic and anaerobic growth could 
be simulated. Reaction directionalities with a focus on energy-generating reactions were 
curated in a way that no excess energy would be generated due to the wrong directionality.  
Metabolic capabilities, in terms of the ability to produce Short-Chain Fatty Acids (SCFAs) and 
Amino Acids (AAs), of the models were investigated by adding a temporary exchange reaction 
for each of them one at a time and optimising for their production while biomass reactions was 
fixed at its optimum. Based on data availability in the scientific literature, case-specific manual 
curations were performed to close the gap between predictions and in vitro observations in case 
of inconsistency. 
Models were also improved in regards to supplementary information such as chemical formulas 
for metabolites, EC numbers for enzymatic reactions, and nomenclature identifiers for both 
metabolites and reactions from external databases. We examined the metabolic distance 
between each pair of models based on their reactions. The metabolic distance was calculated 
as subtracting Jaccard similarity index from 1 (metabolic distance = 1 – Jaccard index). Jaccard 
index between two sets, A and B, is defined as below:  
Jaccard index = |;	Ç	<|
|;	È	<| 
Features of the models and their metabolic distances are depicted in Figure 10.  
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A     B  
 
 
Figure 10. Metabolic features and distance between the models. A) Percentage of the gene-
associated reactions and reactions added in gap-filling. B) The number of metabolites and reactions 
in each GEM shown by orange and blue/pink bars. Clustergram shows the metabolic distance between 
each pair of the models and how species in the same phylum cluster together.  
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Bifidobacterium pseudolongum (M14)
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Enterococcus faecalis (M25)
Lactobacillus mucosae (M34)
Haemophilus parainfluenzae (M33)
Fusobacterium mortiferum (M32)
Faecalibacterium prausnitzii (M31)
Faecalibacterium cf (M30)
Eubacterium rectale (M29)
Eubacterium eligens (M28)
Eubacterium biforme (M27)
Escherichia coli (M26)
Lactobacillus ruminis (M36)
Lactobacillus rhamnosus (M35)
Ruminococcus torques (M49)
Weissella cibaria (M58)
Veillonella dispar (M57)
Veillonella atypica (M56)
Succinivibrio dextrinosolvens (M55)
Subdoligranulum variabile (M54)
Streptococcus vestibularis (M53)
Streptococcus thermophilus (M52)
Streptococcus parasanguinis (M51)
Staphylococcus warneri (M50)
Lactobacillus salivarius (M37)
Ruminococcus lactaris (M46)
Ruminococcus gnavus (M45)
Ruminococcus bromii (M44)
Roseburia inulinivorans (M43)
Roseburia intestinalis (M42)
Prevotella copri (M41)
Parabacteroides johnsonii (M40)
Parabacteroides distasonis (M39)
Megasphaera elsdenii (M38)
Ruminococcus sp 5 1 39BFAA (M48)
Ruminococcus obeum (M47)
Bacteroides caccae (M1)
Bifidobacterium bifidum (M10)
Bifidobacterium adolescentis (M9)
Bacteroides vulgatus (M8)
Bacteroides uniformis (M7)
Bacteroides thetaiotaomicron (M6)
Bacteroides stercoris (M5)
Bacteroides ovatus (M4)
Bacteroides intestinalis (M3)
Bacteroides fragilis (M2)
Bifidobacterium longum (M12)
Bifidobacterium breve (M11)
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Once GEMs were gap-filled and curated as explained in the previous section, we simulated 
their growth rate on complex media and validated the predicted growth rate using experimental 
data for six of them, namely  Bacteroides thetaiotaomicron (M6), Bifidobacterium adolescentis 
(M9), Eubacterium rectale (M29), Faecalibacterium prausnitzii (M31), Prevotella copri 
(M41), and Roseburia inulinivorans (M43)  as shown in Figure 11A. These strains were grown 
anaerobically in YCFA medium, and the tested models were able to predict anaerobic growth 
rates with sufficient consistency. 
Since the children were either breast-fed or under food treatment using Ready-to-Use-
Therapeutic Food (RUTF), we simulated the growth of the modelled organisms on each of 
these diets as media. In each case, the exchange reactions were adjusted according to the 
nutrients present in each diet and flux through the biomass reaction was optimised. As depicted 
in Figure 11B, predicted growth rates were either higher on Human Breast Milk (HBM) or 
similar in both cases. These results pinpoint the importance of breastfeeding in supporting the 
growth of gut dwellers in line with previous studies (Subramanian et al. 2015). Additionally, 
the composition of RUTF could be ameliorated so that it would provide essential nutrients for 
the gut microbiota. 
 
A      B 
   
 
Figure 11. Prediction of growth rates using GEMs on three different media. A) Evaluation of the 
predicted growth rates for six gut bacterial strains; Bacteroides thetaiotaomicron (M6), 
Bifidobacterium adolescentis (M9), Eubacterium rectale (M29), Faecalibacterium prausnitzii (M31), 
Prevotella copri (M41), and Roseburia inulinivorans (M43). B) Prediction of the growth rate on human 
breast milk and RUTF.  
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As discussed in section 2.5.1, the gut microbiota provides the host with valuable metabolites 
such as SCFAs and AAs. Therefore, we performed a community- and diet-specific analysis of 
the potential of each microbial community for the production of the mentioned metabolites. 
For three SCFAs, namely acetate, propionate and butyrate, and all of the 20 amino acids, we 
calculated the Estimated Maximal Metabolic Potential (EMPP) to produce each of these 
metabolites by multiplying the production fluxes into the relative abundance of the relevant 
species: 	EMPP	=	Ai	×	vj		
Ai denotes the relative abundance of species i and vj is the production flux of metabolite j. 
Figure 12 shows the EMPPs. According to the results of this section, the Swedish microbial 
community has a higher potential of production for the tested metabolites. These results applied 
for both healthy and diseased populations of the other two countries. In regards to the difference 
between healthy and malnourished children, there was no significant difference between the 
two groups in Malawian cohort; however, Bangladeshi children had a different profile in each 
state. Figure 12C shows the significant difference in terms of EMPP between the healthy 
children and the malnourished ones before, during and even after food therapy. Further analysis 
of plasma metabolomics related to these children confirmed these findings since several 
essential, and semi-essential amino acids were significantly lower in malnourished 
Bangladeshi children (Figure 12D). These results show how geographical, nutritional, and 
health status could influence the metabolic potential of gut microbiota.  
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Figure 12. Estimated maximal metabolic potential. A) Short-chain fatty acids. B) Amino acids. C) 
Differences in metabolic potential in Bangladeshi children between health and malnourishment and 
before (B), during (D), and after (A) food intervention. D) The concentration of three essential amino 
acids (tryptophan, lysine, and threonine) and one conditionally essential (arginine) in the blood plasma 
of healthy and stunted children of Bangladesh. 
 
We also investigated the biological interactions and metabolic potential of the aforementioned 
microbial communities in pairwise growth simulations. For each pair of the models, a linear 
programming problem was solved first: 
 𝑀𝑎𝑥𝑖𝑚𝑖𝑧𝑒			𝑣I2JKLMM: +	𝑣I2JKLMM:		 𝑆𝑢𝑏𝑗𝑒𝑐𝑡	𝑡𝑜: 𝑆. 𝑣 = 0 𝑙𝑏	 ≤ 𝑣	 ≤ 𝑢𝑏 𝑣MXLYZ[\Z]^: +	𝑣MXLYZ[\Z]^5	 ≤ [𝑚𝑒𝑑𝑖𝑢𝑚2] 𝑣aJbMcKd]2Jb^ ≤ 	𝑣dYJ[ca]2Jb^ + [𝑚𝑒𝑑𝑖𝑢𝑚2] 
 
In this LP, the sum of biomass reactions is optimised while each model is under its mass-
balance and thermodynamic constraints. There are two additional constraints regarding 
metabolites in the shared environment; first, each shared metabolite from the medium is 
constrained in a way that the sum of consumption fluxes would not exceed the available 
amount. If there are any metabolites that are produced by one member and consumed by the 
other one in the pair, the last constraint implies that for the mentioned linking metabolite the 
consumption flux should be less or equal to the production flux plus its original available 
amount in the shared environment. By solving this LP problem and comparing the growth rates 
to the ones in the single strain optimisations, one of the six scenarios summarized in Table 1 
would occur (Heinken and Thiele 2015). 
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Table 1. Biological interactions in pairwise growth simulations. 
 Member 1 Member 2 
Mutualism Gain Gain 
Commensalism Gain No effect 
Parasitism Gain Loss 
Amensalism Loss No effect 
Competition Loss Loss 
Neutralism No effect No effect 
 
Results of pairwise growth simulations show that competition, parasitism, and amensalism are 
the most frequent outcomes. In all of these scenarios at least one of the members has a 
decreased growth rate compared to the single strain optimisation state, which highlights that 
these microbes are more competitive than cooperative. Mutualism was only detected in RUTF 
which is a richer medium in terms of the number of the metabolites, so lesser degree of 
competition would occur as microbes can use different carbon and nitrogen sources. These 
results are in line with ecological theories stating that competition is a stabilizing factor for a 
community compared to mutualistic relationships (Coyte, Schluter, and Foster 2015). 
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In paper V, we analysed shotgun metagenomics data of individuals from four different 
countries, namely China, USA, Denmark, and Spain, in varying health conditions with a focus 
on the vitamin biosynthesis and transporter genes abundance. As explained in section 2.5.1.3, 
the human gut commensals are capable of producing vitamin K and B group. Comparing the 
normalized gene abundances across the healthy populations, we observed that Chinese 
individuals had the highest gene abundances for all vitamin biosynthesis and transport 
categories, followed by the American and European samples. Regarding the vitamin-related 
gene abundances in various health status, our analysis revealed a significant difference in 
Chinese cohort between diabetic and healthy population for all vitamin-related genes except 
for biotin and riboflavin as shown in Figure 13A, however, no significant difference was 
detected for other countries between healthy and IBD or obesity in American or Spanish 
populations, respectively, which is consistent with a previous study (Li et al. 2014). 
Vitamin biosynthesis pathways have been observed to be typically incomplete in 
microorganisms, suggesting the need for complementary cooperation for de novo biosynthesis 
of these macromolecules (LeBlanc et al. 2013; Magnúsdóttir et al. 2015). Therefore, it is 
reasonable to see the vitamin-related genes spread across all phyla in the gut microbiota. 
Retrieving the lineage information from UniProt database (UniProt Consortium 2018) for the 
mapped genes to vitamin metabolism confirmed the previous observations; as shown in Figure 
13B.  
A        B 
    
 
Figure 13. Abundance and phylogeny of vitamin-related genes of B and K group. A) Abundance of 
the genes related to vitamin metabolism across healthy and diabetic Chinese population. Light and 
dark green box plots represent healthy and diabetic individuals, respectively. B) Phylogenetic 
information of vitamin-associated genes. For each vitamin, there are two categories of biosynthesis 
(B) and transport (T). The analysed vitamins include biotin (BIO), cobalamin (COB), folate (FOL), 
menaquinone (MEN), niacin (NIA), pantothenate (PAN), pyridoxine (PYR), riboflavin (RIB), thiamine 
(THI).  
 
Next, using GEMs from paper I, we investigated the presence and absence of the vitamin-
related reactions in each of the cohorts. By this means, reactions in the vitamin-associated 
KEGG Orthology groups (KOs) were fetched from the KEGG database (Ogata et al. 1999) and 
compiled into a reaction catalogue. Then, as depicted in Figure 14, the presence and absence 
of each of the reactions were tested to elucidate the completeness and conserveness of the 
pathways of each vitamin group. As shown in Figure 14A, riboflavin and folate synthesis 
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pathways have the highest coverage which is consistent with the predicted capability of many 
gut symbionts to synthesize these two vitamins (Magnúsdóttir et al. 2015). Menaquinone, on 
the other hand, lies at the other end of the spectrum with the lowest coverage. This might be 
due to the fact that vitamin K requirements are provided by dietary intake and do not rely on 
bacterially produced ones in the gut since germ-free animals can still get enough menaquinone 
(LeBlanc et al. 2013). Other vitamins show an incomplete pathway with varying degrees which 
might suggest a co-dependence between two or multiple bacteria for their biosynthesis.  
Furthermore, we analysed the American and Chinese healthy and diseased populations in terms 
of the abundance of reactions related to vitamin metabolism. Figure 14B and 14C shows 
American and Chinese populations, respectively. As shown here, the individuals from the two 
countries have a different gut bacterial make-up, and there are subtle differences between 
healthy and diseased compositions in both communities, however, it is not clear whether these 
structural differences would lead to functional varieties. 
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Figure 14. Presence and absence of vitamin-related 
reactions using GEMs of the abundant gut bacteria. 
A) Presence or absence of vitamin-related reactions 
for all vitamins across the most abundant species 
unique for health, core microbial species between 
cohorts from each country and unique for disease 
(as shown in a three gradient colour) Light blue and 
dark blue represent absence and presence, 
respectively. 
Relative abundance of the vitamin-associated 
reactions in B) American and C) Chinese healthy and 
diseased cohorts. In each heatmap, light and dark 
blue represent health and disease, respectively. 
Grey rows mean the absence of the corresponding 
species. X-axis in all panels represent the vitamin-
biosynthetic reactions.  
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3.2 PAPER II: Quality control of genome-scale metabolic models 
GEMs are potent tools to simulate various metabolic scenarios and have the potential to be 
combined with -omics data to improve the accuracy of their predictions. It is essential for a 
GEM, therefore, to have a high quality in terms of specific criteria. In its simplest form, a 
bacterial GEM should be able to predict the growth rate as close as possible to the 
experimentally measured ones. High connectivity of metabolites and flux consistency also 
reflect a GEM’s high quality. Furthermore, GEMs should be curated to eliminate any probable 
mathematical artefacts, such as the formation of thermodynamically infeasible cycles due to 
incorrect directionality, which would consequently influence their predictive power. 
As mentioned in section 2.3.2 there are numerous methods for GEM reconstruction; here, we 
have analysed the quality of GEMs reconstructed following a semi-automated pipeline 
consisted of gut bacterial models (AGORA) (Magnúsdóttir et al. 2017) and compared them to 
a repository of manually-curated models (BiGG) (King et al. 2015) from several aspects and 
concluded that manual curation is a crucial step in GEM reconstruction to ensure that the 
models are capable of biologically meaningful predictions.  
Firstly, we optimised the models in each group for growth with the original bounds on their 
exchange reactions without imposing further constraints. The predicted growth rates by the 
AGORA models, depicted in Figure 15A, have a wide range; from 0.004 h–1 to 255 h-1 which 
is clearly out of the biologically feasible spectrum. We noticed that meaningful growth rates 
are related to the models that have very tight constraints on their exchange reactions and the 
other group are not constrained on their respective exchange bounds. Although limiting the 
exchange reactions using experimental data is a conventional approach in constrained-based 
modelling, it seems that these bounds in AGORA models are instead controlling the value of 
the predicted growth rate which leaves the internal reactions not influential in the determination 
of the growth rate. The controlling role of the exchange reactions and the corresponding 
insignificance of the internal reactions are reflected in their respective reduced costs. The value 
of reduced costs shows the sensitivity of the objective function, growth rate in this case, to each 
variable which are the reactions in the model. For instance, in a random AGORA model, the 
active internal reactions had a median of 4.2877 × 10–19 for their associated reduced costs which 
is not comparable to the same variable for the active exchange reactions which was –1.7227 × 
10–4. The same values in the BiGG models are –9.1570 × 10–6 and –0.0062 for internal and 
exchange reactions, respectively, which shows an influential role both for exchange and 
internal reactions. 
The high number of active exchange reactions encouraged us to take a closer look at the overall 
input flux of the AGORA models. Considering growth yields, defined as the growth rate 
divided by the total carbon source influx, we noticed that these models have very low growth 
yields, much lower than that of experimentally observed ones for bacteria (Figure 15B). This 
observation indicates that many carbon sources are taken from the environment and not used 
for biomass optimisation. To further investigate the fate of these compounds, we performed 
Flux Coupling Analysis (FCA) using F2C2 method (Larhlimi et al. 2012) in 100 randomly 
selected AGORA models to see which reactions are coupled with these carbon source uptake 
reactions. As mentioned in section 2.3.4.4., flux coupling analysis identifies reaction pairs in 
which non-zero flux through one of them would imply non-zero flux through the other. We 
observed that these reactions are coupled with numerous internal reactions activating, 
therefore, many of them. Among these carbon sources, we identified the essential ones and 
checked the gene association of their respective transporters and noticed that the majority of 
them (70% on average) were not gene-associated. Therefore, it highlights the fact that these 
non-gene associated carbon source transporters which in turn activate many internal reactions, 
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might have been added to the model during the gap-filling process without biological support. 
Such couplings and the low number of gene-associated transporters were not detected in BiGG 
models. 
 
A         
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Figure 15. Growth rates and growth yields of the AGORA models. A) Anaerobic growth rates and B) 
Anaerobic growth yields of of the AGORA models using their original bounds in base 10 logarithmic 
scale.  
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Another characteristic of automatically generated models is the high percentage of direct 
metabolites in their biomass formulations. Direct metabolites are biomass precursors which are 
directly taken from the environment and consumed by the biomass reaction without any further 
biotransformations. It is another reason behind the high sensitivity of the objective function to 
the flux of exchange reactions since a majority part of the biomass precursors are provided 
directly by the exchange fluxes, and fixed constraints are therefore the only way to keep the 
value of the objective function in a biologically feasible range. Analysis of the biomass 
metabolites in AGORA and their associated reactions showed that the biomass reaction gets at 
least 30% of its precursors directly from the medium, which might be a consequence of an 
automatic gap-filling approach since as explained in section 2.3.3, MILP-based gap-filling 
algorithms seek to minimise the number of required reactions to render a draft model 
functional. Therefore, as the shortest pathway for any metabolite would be its direct 
consumption by a single exchange reaction and its associated transport reaction, these reactions 
are preferred over alternative solutions. Even though in MILP-based gap-filling methods it is 
possible to penalize exchange reactions in order not to end up with many of them, still these 
methods add exchange and transport reactions more than they should.  
As shown in Figure 16A and 16B, the automatically reconstructed models have considerably 
higher direct metabolites compared to the manually-curated ones. Additionally,  since all of 
the semi-automatically reconstructed models have gone through the same gap-filling approach, 
they are quite similar in their direct metabolites as depicted in Figure 16C showing Jaccard 
similarity index between model pairs regarding their direct biomass precursors. 
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C 
 
Figure 16. Direct metabolites on AGORA and BiGG models. A) Percentage of the direct biomass 
precursors in AGORA models. B) Percentage of the direct biomass precursors in BiGG models. C) 
Heatmap showing the Jaccard similarity index regarding the direct metabolites in each pair of AGORA 
models. 
 
A high-quality GEM has high connectivity and is flux consistent. Therefore, it is expected for 
any reaction in a metabolic network to be able to carry a non-zero flux if all of the exchange 
reactions are unbounded; otherwise, they are blocked. Blocked reactions should be further 
curated to see whether they rise from annotation errors, therefore wrongly added to the 
network, by looking for further evidence in the scientific literature and experimental 
observations. If a reaction is unable to carry a non-zero flux, then it might be associated with a 
dead-end metabolite (metabolites that can only be consumed or produced). Any reaction 
associated with the dead-end metabolites would be blocked due to the mass balance constraints. 
Some blocked reactions, though, are not linked to any dead-end metabolites and still cannot 
carry flux if, for example, they are related to a metabolite which is involved in a 
thermodynamically infeasible loop . To sum up, dead-end metabolites and thermodynamically 
infeasible loops might inhibit metabolic reactions from carrying a non-zero flux and therefore, 
manual curation for them is necessary. 
In order to identify blocked reactions in two model categories, we removed any bounds on the 
exchange reactions and performed Flux Variability Analysis (FVA) to detect the reactions 
whose minimum and maximum is zero. Figure 17A and 17B shows the percentage of the 
blocked reactions in AGORA and BiGG models, respectively. As shown in Figure 17A and 
17B, except for a few BiGG models, the manually curated ones have a lower percentage 
compared to the automatically generated models. The same observation is valid for the 
percentage of the dead-end metabolites as the BiGG models have fewer of such metabolites 
compared to the AGORA models. Therefore, further manual curation is required for the 
AGORA models to increase network connectivity and flux consistency of these models. 
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A      B 
  
C       D 
  
 
Figure 17. Percentage of blocked reactions and dead-end metabolites in AGORA and BiGG models. 
A) Percentage of the blocked reactions in AGORA models. B) Percentage of the blocked reactions in 
BiGG models. C) Percentage of the dead-end metabolites in AGORA models. D) Percentage of the 
dead-end metabolites in BiGG models. 
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As explained in the previous section, thermodynamically infeasible loops might disable some 
reactions from carrying a non-zero flux. Additionally, they violate the second law of 
thermodynamics. Similar to Kirchhoff's second law stating that the sum of potential differences 
around a closed circle is zero, the second law of thermodynamics implies that the sum of the 
chemical potential difference in a loop consisted of chemical reactions is zero. Therefore, since 
there are no net thermodynamic forces, the net flux in a loop must be zero (Price, Thiele, and 
Palsson 2006). We checked to see firstly if the models in the two aforementioned repositories 
contained any thermodynamically infeasible loops, and secondly if any of the loop-involved 
reactions were essential for growth. By this means, we blocked all of the exchange reactions 
and performed FVA to identify the reactions whose flux could reach the lower or the upper 
bound of the reaction. Figure 18 depicts the number of loop-related reactions in a 100 randomly 
chosen AGORA models, however, in case of the BiGG models we only detected one model 
containing loop reactions. Furthermore, all of the loop-related reactions in AGORA repository 
were essential for growth. These observations further pinpoint the need for manual curation for 
automatically generated models. 
 
 
Figure 18. The number of reactions in 100 randomly chosen AGORA models which are associated 
with a thermodynamically infeasible loop. 
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Gut bacterial species are functionally redundant. We investigated the degree of similarity 
between the metabolic models of these microorganisms, to see how similar they are and how 
they cluster based on this comparison. To measure metabolic similarity, we calculated Jaccard 
similarity index based on all metabolic reactions, active metabolic reactions identified by FBA 
and pFBA, and also the biomass formulation between each possible model pair of the AGORA 
repository. Regarding all metabolic reactions, as depicted in Figure 19A, the majority of the 
AGORA models pairs show a high degree of similarity which highlights the functional 
redundancy in the human gut microbiota. However, the clustering pattern does not reflect their 
phylogenetic relationships as except for Bacteroidetes; all the other phyla are distributed across 
three groups. Considering the similarity between the internal active reactions, we used both 
FBA and pFBA to identify them. pFBA was necessary to ensure that loop-related reactions do 
not affect the results of this section. Based on the calculated Jaccard similarity indexes related 
to the active reactions, models cluster into three main groups (Figure 19C). All phyla were 
distributed between the groups as shown in Figure 19E. This pattern of clustering means that 
for each group, there is a highly conserved active core that drives the biotransformation of the 
model inputs and this core is not originating from biological closeness as not a single phylum 
is present in only one group. The main reason for this clustering is the similarity of the biomass 
formulation in each group (Figure 19D). The clustering pattern based on biomass similarity 
Jaccard indexes were exactly the same as that of active reactions. We concluded, therefore, that 
the biomass similarity as the objective function drives the similarity of the active reaction core. 
In other words, an automatically generated biomass formulation in a draft model, followed by 
the same gap-filling approach has led to an artificial similarity between the AGORA models. 
Even though culturing the gut commensals in vitro and measurement of their biomass 
composition still remains a challenge, there has been some efforts in that direction and only 
with more data the discussed shortcomings of the automatically generated models can be 
tackled. 
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Figure 19. Similarity analysis for AGORA models. A) Clustergram based on Jaccard similarity index 
between each model pair calculated considering all reactions. B) Phyla distribution between the three 
main groups with the highest similarity regarding the metabolic reactions. C) Clustergram based on 
Jaccard similarity index between each model pair calculated considering the active reactions identified 
by FBA and pFBA. D) Clustergram based on Jaccard similarity index between each model pair 
calculated considering the biomass precursor metabolites. E) Phyla distribution between the three 
main groups with the highest similarity regarding the active reaction core and biomass precursors.  
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3.3 PAPER III: Lactic acid bacteria GEMs and simulations in fermented milk product 
Fermentation has long been used in food production and preservation. Biotransformation of 
raw material is usually performed by multi-species microbial consortia with complex 
biological dynamics and metabolic interactions. It is not, therefore, straightforward to 
manipulate most of these food-related microbial communities towards a specific goal; such as 
optimisation of production of metabolites contributing to the fermented product’s taste and 
aroma.  Furthermore, some bacteria involved in food have probiotic capabilities. Studying 
these microbial from various aspects, ranging from the flavour of the final product to the 
potential of it to deliver health benefits, requires novel computational tools. GEMs of the 
relevant microbial species can be employed to both explore the biochemical machinery leading 
to food fermentation and also help to postulate metabolic strategies for the particular design of 
fermented food products.  
In paper III, we have reconstructed genome-scale metabolic models for four lactic acid bacteria 
involved in milk fermentation and dairy production along with one Bifidobacterium strain with 
probiotic properties. We have curated and validated these five models both in single strain 
growth, bi-culture in yogurt and a community of five bacteria in a more complex fermented 
milk product. Finally, we have used the validated models to come up with an optimal ratio 
between them to achieve the maximum production of acetaldehyde which is the main volatile 
in yogurt’s taste and aroma. 
The mentioned four lactic acid bacteria consisted of Lactobacillus delbrueckii subsp. 
bulgaricus (L. bulgaricus) CNCM I-1519 and CNCM I-1632, Lactococcus lactis subsp. lactis 
(L. lactis) CNCM I-1631 and Streptococcus salivarius subsp. thermophilus (S. thermophilus) 
CNCM I-1630. Bifidobacterium animalis subsp. lactis (B. lactis) CNCM I-2494 with probiotic 
capabilities was also modelled as it is used in a fermented milk product with the four LABs 
above. For draft network reconstruction, two complementary approaches were applied. Firstly, 
we used RAVEN toolbox (Agren et al. 2013) which retrieves all the relevant biochemical 
reactions coded by the genome based on protein homology from the KEGG database (Ogata et 
al. 1999). Then, we used an online annotation server from the same database, namely 
BlastKOALA (Kanehisa, Sato, and Morishima 2016), to identify and include more metabolic 
reactions into the draft networks.  We manually reviewed and curated the reactions that were 
exclusively identified by the second approach before adding them to the draft networks. For 
biomass formulation, we used phylogenetically close organisms as templates as shown in Table 
2. Each of these previously-modelled organisms had a biomass formulation which was wholly 
or partially, experimentally measured. Since all these strains are involved with milk 
fermentation, milk composition was adopted as their environment; meaning that exchange 
reactions for milk molecular components were added to the model to represent the medium. 
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Table 2. Template models for biomass formulation and the measured macromolecules and parameters. 
Strain Template model Measured 
macromolecules/parameters 
B. lactis CNCM I-2494 Bifidobacterium adolescentis (El-
Semman et al. 2014) 
Estimated from 2 other studies 
(Neidhardt, Ingraham, and 
Schaechter 1990; Teusink et al. 2006) 
L. bulgaricus CNCM I-1519 Lactobacillus plantarum (Teusink 
et al. 2006) 
DNA, RNA, Protein, Lipids, 
Polysaccharides, Peptidoglycans, Wall 
teichoic acids, Lipoteichoic acids 
L. bulgaricus CNCM I-1632 Lactobacillus plantarum (Teusink 
et al. 2006) 
DNA, RNA, Protein, Lipids, 
Polysaccharides, Peptidoglycans, Wall 
teichoic acids, Lipoteichoic acids 
L. lactis CNCM I-1631 Lactococcus lactis subsp. cremoris 
MG1363 (Flahaut et al. 2013) 
Protein, GAM and NGAM calculated 
from FBA and compared to other 
LABs 
 
Draft models are usually non-functional; meaning that one or several biomass precursors 
cannot be synthesized due to the incompleteness of the network. Therefore, a gap-filling 
process is required to detect metabolic holes and fill them with candidate reactions. In this 
paper, we used an LP-based gap-filling approach which works based on flux consistency of the 
draft network rather than a MILP-based one since the scalability issue of such methods hampers 
their usability for larger genome-scale models. The LP-based approach, fastGapFill, instead 
solves a series of L1-norm regularized LPs (Thiele, Vlassis, and Fleming 2014). A universal 
database (KEGG in this case), is added to each compartment of the draft network. Then a 
compact flux consistent network is calculated and greedily extended to include the original 
draft network and a near-minimal set of newly added reactions. Exchange and transport 
reactions were penalized over the metabolic reactions by a factor of ten. All reaction suggested 
by fastGapFill were manually inspected before adding to the model. No exchange or transport 
reactions were added in this stage to the models since the metabolic reactions were sufficient 
to make the draft models functional. 
Reversibility information of biochemical reactions are normally not included in databases like 
KEGG, and the majority of the reactions are assumed to be reversible which may not be the 
case in physiological conditions. Leaving all the reactions unconstrained would lead to the 
formation of internal loops such as futile cycles and energy-generating cycles. While the former 
is not a mathematical artefact and occurs in microorganisms living in energy-rich environments 
(Reidy and Weber 2002; Russell 2007), the latter combined with an energy-generating reaction 
(EGR) forms an energy generating cycle (EGC) which leads to erroneous energy generation 
without any inputs(Figure 20). It has been shown in a study that energy production via a 
combination of internal loops coupled with energy generating reactions could lead to a 25% 
increase in the value of the objective function (Fritzemeier et al. 2017). In order to detect any 
potential EGCs in the models, we added 15 energy dissipating reactions (EDR) for 15 energy 
transmitting cellular metabolites, namely ATP, CTP, GTP, UTP, ITP, NADH, NADPH, 
FADH2, FMNH2, ubiquinol, menaquinol, 2-demethylmenaquinol, Acetyl-CoA, L-glutamate, 
and proton. If there is any EGCs, producing any of the mentioned metabolites, by adding an 
EDR a closed cycle would form with its respective EGR (Figure 20) and the newly added 
reaction would be active. Therefore, a non-zero flux through any of the EDRs would pinpoint 
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an EGC in the model. By this method, we found that ATP was available in excess and all ATP-
related reactions were curated manually to eliminate any non-biological fluxes. 
 
 
Figure 20. A) Futile cycle which dissipates energy and B) energy generating cycle which produces 
energy by violating the thermodynamics second law. 
 
All of the modelled organisms were grown on two different media and their growth dynamics 
and metabolic activities were monitored. The used media consisted of a milk-based and a 
synthetic complex medium. In each case, bacterial cells enumerations and measurements of 
concentrations of certain metabolites were performed. Therefore, for each model, exo-
metabolomics data and change in cfu (colony-forming unit) or OD (optical density in 600 
nanometres of wavelength) were available. The following key metabolites were measured by 
HPLC during the cultivations: acetic acid, citric acid, fructose, fumaric acid, galactose, glucose, 
lactic acid, lactose, maltose, orotic acid, pyruvic acid, sucrose, and succinic acid. We used the 
measured concentrations to estimate consumption or production fluxes for each metabolite as 
shown below:  
 
𝑓𝑙𝑢𝑥 = 	∆	𝑐𝑜𝑛𝑐𝑒𝑛𝑡𝑟𝑎𝑡𝑖𝑜𝑛	 g 𝑔𝑚𝑙h	×	 1𝑚𝑜𝑙𝑒𝑐𝑢𝑙𝑎𝑟	𝑤𝑒𝑖𝑔ℎ𝑡	 g 𝑔𝑚𝑚𝑜𝑙h	∆	𝑐𝑓𝑢	 g𝑐𝑒𝑙𝑙𝑚𝑙 h × 	𝑔𝑟𝐷𝑊g 𝑔𝑐𝑒𝑙𝑙h 	×	∆𝑡	(ℎ𝑟)  
 
Next, fluxes associated with the consumed metabolites were applied as constraints on their 
respective exchange reactions and flux through the biomass reaction was optimised. The 
predicted growth rates and flux through exchange reactions of the produced metabolites were 
used to evaluate our in silico predictions. In the case of inconsistencies between the 
computational predictions and experimental observations, we curated the models to reduce the 
gap between the two. The predicted growth rates are shown in Figure 21. As depicted in this 
figure, the predicted growth rates agree well with the experimentally measured ones. For 
metabolic profiles, we used both FBA and FVA to predict the experimental and computational 
fluxes semi-quantitively. FAV was performed to validate that the experimentally estimated 
flux falls into the predicted range of achievable fluxes. As shown in Figure 21B, each organism 
has been grown on both milk-based and a synthetic medium. For each medium, the 
concentration changes of several key metabolites have been measured over time. In each case, 
only the metabolites which had a non-zero change in concentration (therefore a non-zero flux 
through their respective exchange reactions) are shown in this figure. For all of the strains, 
glucose and lactose serve as the primary carbon source in synthetic and milk-based media, 
respectively. Lactate was produced by all of the strains in both media, and with a higher flux 
in milk-based one. Acetate is also produced by some of the strains, especially B. lactis which 
is known to be heterofermentative.  
ATP
ADP
ATP
ADP
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A             B 
   
 
Figure 21. Experimental and computational growth rates and metabolic profiles for the modelled 
bacteria. A) Growth rates as measured by OD and cfu changes and predicted by the models on two 
different media. B) metabolic profile of the consumed and produced metabolites by each bacterial 
strain in the same order as in A. 
 
Yogurt is produced via fermentation of milk by two strains of lactic acid bacteria, namely L. 
bulgaricus and S. thermophilus. We used a pairwise growth approach as described in pairwise 
simulations section in Paper I, to simulate their co-culture. Bi-culture of these two strains in 
milk was monitored experimentally in terms of changes in bacterial cell numbers, lactose and 
lactate concentrations. These measurements were used to calculate metabolic fluxes and 
subsequently, to evaluate modelling predictions. Table 3 shows the results of yogurt co-culture 
simulation. The calculated flux of lactose consumption was set as the upper bound of the 
available carbon source. Then, the weighted sum of the biomass reactions based on the 
experimental growth rates was optimised. Results of this section were in line with the 
experimental data. Additionally, modelling framework enabled us to calculate the contribution 
of each of the strains to biotransformation of lactose to lactate which is challenging to measure 
in vitro. 
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Table 3. Results of yogurt culture simulations. 
 Experimental (1/h) Computational(1/h) Lactose consumption 
(mmol/gDW/h) 
Lactate production 
(mmol/gDW/h) 
L. bulgaricus 0.97 0.68 10 17.53 
S. thermophilus 1.29 1.14 9.04 13.37 
Lactate production 
(mmol/gDW/h) 
35.80 30.90 - - 
 
The yogurt-associated strains contribute to the flavour and aroma of the final product. In 
addition to lactate production, which gives yogurt its acidic taste, these strains also produce a 
range of volatiles such as acetaldehyde, diacetyl, acetoin and many more. Among all these 
volatiles, acetaldehyde is the key contributor to yogurt’s unique aroma (Han et al. 2007). There 
have also been efforts towards maximisation of its production utilizing metabolic engineering 
tools (Bongers, Hoefnagel, and Kleerebezem 2005; Chaves et al. 2002). Here, we employed 
our models and the same pairwise growth simulation framework to hypothesize the optimum 
ratio between the two yogurt strain which would lead to maximum acetaldehyde production. 
By this means, we first fixed each strain’s biomass to its maximum in the pairwise growth 
mode and changed the objective function to the sum of acetaldehyde production reactions. 
Next, we tested a large number of random coefficients for the new objective function and 
evaluated the outcomes; the flux of acetaldehyde production. Results related to ratios capable 
of producing high amounts of acetaldehyde are shown in Figure 22. As shown below, higher 
production occurs when the ratio of  L. delbruckeii to S. thermophilus decreases. This 
observation reflects the actual ratio that is used for yogurt production (Hill et al. 2017), and 
therefore shows how a computational approach can help optimise microbial communities used 
in the food industry towards a specific goal. 
 
 
Figure 22. Ratios between the bacterial strains involved in yogurt fermentations leading to high 
production of acetaldehyde. 
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We also simulated a more complex microbial community consisted of all the five strains which 
are used in a fermented milk product containing a probiotic strain.  In order to simulate their 
co-culture, we used a compartmentalization approach in which each strain is regarded as a 
separate compartment similar to the eukaryotic models, as described in section 2.4. Milk 
composition was used as the in silico medium and similar to the yogurt simulations, total 
lactose uptake was calculated based on experimental measurements and applied as a constraint. 
Bacterial cell counts were also measured and used to calculate the growth rates of the strains. 
The experimentally measured and computationally predicted values for the growth rates, 
lactose consumption rate ,and lactate production rates are summarized in Table 4. Growth rates 
and lactate production rate are consistent with the in vitro values. Lactose consumption, 
however, is predicted lower than experimentally observed rate. Measurements of the cellular 
dry weight might change this value since we have used an estimated value for the cellular dry 
weights of these strains to calculate metabolic fluxes. 
 
Table 4. growth rates calculated based on bacterial enumerations and the predicted values for each strain 
in complex symbiosis. 
Feature Strain  Experimental  Computational (1/h) 
Growth rates (1/h) 
CNCM I-2494 0.32 0.37 
CNCM I-1519 0.75 0.65 
CNCM I-1632 0.75 0.79 
CNCM I-1631 0.87 0.68 
CNCM I-1630 0.98 0.93 
Metabolite 
consumption/production 
(mmol/gDW/h) 
Lactose consumption 20.78 15.35 
Lactate production 25.8 22.36 
 
  
  49 
3.4 PAPER IV: Uniform randomised sampling of microbial communities feasible 
solution space  
GEMs have been employed to simulate microbial communities using different approaches. 
Enzyme-soup method in which all of the metabolic reactions of a community are assembled 
into one single model, compartmentalization method in which each community member is 
regarded as a wall-protected organelle in a eukaryotic-like model, and several other methods 
rely on optimisation of a pre-assumed objective function, which is usually a combination of 
the biomass reactions of the community members. Optimisation of growth rates, however, 
might not be the biological objective of the members of a microbial community. On the other 
hand, the high number of the variables in a multi-species model hinders the practicality of 
unbiased methods such as random sampling and elementary flux modes analysis (Øyås and 
Stelling 2018).  
Monte Carlo sampling approaches have been deployed to study small single cell networks such 
as the human red blood cell (Wiback et al. 2004), cardiac mitochondria (Thiele et al. 2005), 
and neuron/astrocyte metabolic models (Occhipinti et al. 2007) to thoroughly investigate the 
possible fluxes under defined physiological constraints. However, as the size of the network 
increases, this approach requires more time to cover a larger feasible space. Therefore, it is not 
suitable for a combination of genome-scale networks. It is possible, however, to simplify a 
microbial community model before applying the randomised sampling method on the feasible 
space. In paper IV, we have proposed simplification and subsequent randomised sampling of 
microbial communities. We have implemented the proposed framework on microbial 
communities comprised of the human gut microbial models of Bacteroides thetaiotaomicron, 
Faecalibacterium prausnitzii, Eubacterium rectale, Bifidobacterium adolescentis, and 
Ruminococcus bromii and have used experimental data to evaluate the results.   
In this method, the only variables considered, are the community-level reactions; namely inputs 
and outputs of each community member and also potential linking reactions; representing a 
potential cross-feed between the community members. Internal reactions are ignored to reduce 
the number of variables and keep the resolution at the community level. The first step, 
therefore, is to determine these community-level reactions. After that, the community members 
are characterised and divided into two groups based on their growth requirements and the 
metabolites available in the shared environment: primary organisms which are able to grow 
independently relying solely on the available metabolites in the medium and non-primary 
organisms which require at least one cross-feeding metabolite.  
Three conditions should be checked and met at this stage: 
1. There should be at least one primary organism in the community. 
2. All non-primary organisms should at least have one partner able to produce their growth 
requirements metabolites that are absent from the medium. 
3. There should be at least one linking reaction in the community. 
When the community topology is characterised, and all of the necessary conditions are 
satisfied, the activation of the community members starts in a cascade-like manner. Firstly, the 
primary organisms are activated, and their metabolic production profile is determined. Then 
the shared environment is updated in regards to the metabolites produced by the active primary 
organisms. After that, the community is scanned for the non-primary organisms that can grow 
with the updated composition of the medium. This iterative activation process continues until 
all community members are active. At the end of this stage, all community-level variables 
(consuming, producing and linking reactions) are identified in the context of the shared 
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environment and the specific community topology. These variables then provide the basis for 
community formulation in the next steps. 
Next, the community matrix is formulated based on the identified variables and a set of equality 
and inequality constraints are formed.  Since the internal reactions of the individual models are 
not considered, therefore the inputs and outputs are not connected via a stoichiometric matrix. 
In this approach, we used elemental balance constraints to link each organism’s inputs and 
outputs. These constraints state that the number of carbon, nitrogen, sulphur, phosphorous and 
hydrogen atoms entering and leaving each system must be equal, or in other words, each model 
should be elementally balanced in regards to its inputs and outputs. 
Inequality constraints are also used to formulate community LP. Firstly, the shared metabolites 
of the medium are constrained in a way that the sum of consumption fluxes does not exceed 
the available amount of the respective metabolite. For the linking reactions, the sum of 
consumption fluxes should be less or equal to the sum of production fluxes. Lower and upper 
bounds of the community-level reactions are equal to that of their original models.  Finally, a 
hit-and-run sampling is performed on the feasible solution space of the modelled microbial 
community and the distribution of the samples, and their correlations are analysed. 
Since this method is based on the metabolic consumption and production profile, prior to 
community modelling and sampling, we examined each model in terms of consumed and 
produced metabolites using experimental data for four of the models; B. thetaiotaomicron, B. 
adolescentis F. prausnitzii, E. rectale. These strains were grown anaerobically in YCFA 
medium, and changes in OD and concentration for glucose, succinate, acetate, lactate, formate, 
butyrate and propionate were measured. For simulations, we performed growth optimisation 
while minimising the sum of fluxes. Figure 23 shows the comparative results of this section. 
Initial inconsistencies were manually curated to close the gap between computational 
predictions and experimental observations. As shown below, in all cases computational and 
experimental results are consistent, and the models could be used for community simulations. 
 
 
Figure 23. Computational prediction and experimental measurements of metabolic consumption 
and production profile of four human gut bacterial models. Negative and positive values represent 
consumption and production respectively. Zero elements represent metabolites without changes in 
their concentration. 
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Starting with a simple bi-culture, we modelled the pairwise growth of B. thetaiotaomicron and 
E. rectale. In this simple bacterial co-culture, glucose is the sole carbon source shared between 
the two strains. Acetate is produced by B. thetaiotaomicron and consumed by E. rectale and 
subsequently, transformed to butyrate. Figure 24A shows the community resource distribution 
and metabolite production. As shown below, samples related to the acetate linking reaction, 
namely Acetate (12), has a lower median compared to the acetate which is released to the 
micro-environment. Propionate and succinate are also produced by B. thetaiotaomicron which 
is consistent with experimental observations of this co-culture by Mahowald et al (Mahowald 
et al. 2009). It has also been reported in another study (Venturelli et al. 2018) that in this bi-
culture, B. thetaiotaomicron is the dominant strain. Samples of the biomass reactions in Figure 
24C reflect the higher capacity of B. thetaiotaomicron to grow within the community 
constraints. Finally, clustering patterns of the samples shown in Figure 24E highlights the 
dependency of E. rectale on the growth of the other member of the co-culture since the biomass 
reactions and the acetate linking reaction cluster closely. 
We modelled another co-culture comprised of B. thetaiotaomicron and  F. prausnitzii in which 
the former is an acetate-producer, and the latter is a butyrogenic gut symbiont (Moens, Weckx, 
and De Vuyst 2016). Distributions of the community-level flux samples are shown in Figure 
24B. As depicted below in this bi-culture, it is noticeable that the potential for lactate 
production is more than that of other produced metabolites. Co-colonization of these two 
strains has been studied in rats and cfu counts of the cecal content showed the dominance of B. 
thetaiotaomicron over F. prausnitzii. As shown in Figure 24D, we can see that B. 
thetaiotaomicron can reach considerably higher growth rates compared to F. prausnitzii. 
Furthermore, the community-level flux samples cluster similar to that of the previous co-
culture model where the biomass reactions and the linking acetate reaction cluster closely 
together highlighting the importance of cross-feeding. 
 
A        B       
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Figure 24. Distribution and clustering of the samples in two bi-member bacterial co-culture. A) 
Resource distribution and metabolic products in B. thetaiotaomicron and E. rectale co-culture. B) 
Resource distribution and metabolic products in B. thetaiotaomicron and F. prausnitzii co-culture. C) 
Distribution of the samples of the biomass fluxes in B. thetaiotaomicron and E. rectale co-culture. D) 
Distribution of the samples of the biomass fluxes in B. thetaiotaomicron and F. prausnitzii co-culture. 
E) Clustergram based on community-level flux samples in B. thetaiotaomicron and E. rectale co-
culture. F) Clustergram based on community-level flux samples in B. thetaiotaomicron and F. 
prausnitzii co-culture. 
 
Extending community members to three strains, we modelled and sampled tri-culture of B. 
thetaiotaomicron, R. bromii and E. rectale. In this community, the first two members are 
acetate producers, and the last one is a butyrogenic strain. These strains have been grown and 
studied by Ze et al. (Ze et al. 2012) on glucose and their OD changes have been measured. We 
used data from that study to calculate the growth rates of these species. The estimated growth 
rates were 0.27 h-1 for R. bromii, 0.26 h-1 for B. thetaiotaomicron and 0.09 h-1 for  E. rectale. 
As shown in Figure 25, the samples related to the biomass reaction flux of E. rectale have a 
lower median and maximum compared to the two other community members. Furthermore, 
according to the clustergram, in this tri-culture the biomass of E. rectale does not cluster with 
the linking acetate reactions, namely Acetate(13) provided from B. thetaiotaomicron and 
Acetate(12) produced by R. bromii. We plotted the samples of the aforementioned linking 
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reactions in this community and compared the patterns to B. thetaiotaomicron- E. rectale co-
culture. Figure 25E shows that in the bi-member community there is an increasing trend for 
the butyrogenic biomass as the amount of linking acetate rises. However, this pattern does not 
emerge in the tri-culture (Figure 25C-D) samples probably due the division of labour between 
the two acetate producers. 
A       B 
 
C         D           E      
   
 
Figure 25. Samples of a tri-member microbial community consisted of B. thetaiotaomicron, R. bromii 
and E. rectale . A) distribution of the biomass flux samples. B) Clustergram based on community-level 
flux samples. Samples related to the linking acetate and the biomass flux of the butyrogenic strains 
concerning C) B. thetaiotaomicron and E. rectale in tri-culture. D) R. bromii and E. rectale tri-culture. 
E) B. thetaiotaomicron and E. rectale in bi-culture. 
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Finally, we sampled two gut microbial communities comprised of three acetogens and one 
butyrogenic strain and compared the results. The two modelled and sampled communities are 
EBBR consisted of E. rectale, B. thetaiotaomicron, B. adolescentis, and R. bromii and FBBR 
including F. prausnitzii, B. thetaiotaomicron, B. adolescentis, and R. bromii. These 
communities have been studied in vitro  and we have used the available experimental data to 
evaluate computational predictions. Samples related to the biomass reactions as depicted in 
Figure 26A-B show that B. thetaiotaomicron has the potential to reach higher growth rates 
compared to the other community members within the co-cultivation boundaries which is 
consistent with experimental data (Shoaie et al. 2015). Regarding community metabolic 
production, experimental measurements for acetate and propionate in the two communities 
were almost equal with negligible differences. Sampling results also show similar acetate and 
propionate production potential in EBBR being marginally higher than FBBR. In the case of 
butyrate, the measurements showed higher production for EBBR. In sampling distributions, 
although EBBR is able to produce high amounts of butyrate, we noticed that FBBR could reach 
higher values. This might be due to capability the of F. prausnitzii to produce high amounts of 
butyrate. In regards to clustering patterns, in both cases the biomass samples of the butyrogenic 
strain clusters closely with that of B. adolescentis and R. bromii reflecting the importance of 
these two strains for the growth of the acetate consumer. The biomass reaction of the acetate 
consumers, however, do not cluster with the linking acetate reactions in any of the 
communities. The reason might be similar to that of the tri-culture community’s clustering 
pattern where the number of acetogens is more than one. 
A         B 
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C       D  
 
 
E       F 
 
 
Figure 26. Distribution and clustering of the samples from two four-member bacteria communities. 
Biomass flux sample distributions in A) EBBR and B) FBBR. C) Distribution of the samples related to the 
consuming, linking and producing reactions in EBBR. D) Clustergram based on community-level flux 
samples in EBBR.  E) Distribution of the samples related to the consuming, linking and producing 
reactions in FBBR. F) Clustergram based on community-level flux samples in FBBR. EBBR is comprised 
of E. rectale, B. thetaiotaomicron, B. adolescentis, and R. bromii and FBBR includes F. prausnitzii, B. 
thetaiotaomicron, B. adolescentis, and R. bromii. 
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4. Conclusion 
In paper I and V, starting from metagenomics datasets of various diseased populations and their 
respective healthy control cohorts, we coupled -omics data analysis with computational 
modelling tools. In paper I, the studied diseased populations were malnourished children who 
underwent dietary intervention using ready-to-use therapeutic food (RUTF) from two 
countries, namely Bangladesh and Malawi. Faecal metagenomics data of a cohort of healthy 
Swedish infants were also investigated to elucidate diet and country-specific differences 
between the three groups. We observed an overall higher diversity in the gut microbiota of the 
Swedish infants compared to that of the other two countries. We then selected the 20 most 
abundant species in each community and reconstructed genome-scale metabolic models for 
each in order to compare the gut bacterial communities in a functional scale. By curating and 
validating these models we ensured the quality of these models and also reliability of their 
predictive power in terms of growth rates and potential for production of valuable metabolites 
known to be produced by the human gut bacterial commensals. Subsequently, we simulated 
the growth of the most abundant gut bacteria on both in silico  human breast milk (HBM) and 
RUTF, which showed a higher capacity of growth on HBM compared to RUTF. Metabolic 
production potential of the gut bacterial communities in the three mentioned countries showed 
a higher potential in the case of Swedish infants. We also noticed that food therapy significantly 
improved metabolic production potentials of malnourished children in Bangladeshi cohort, 
however, for Malawian children the difference between healthy and malnourished children 
were not significant, highlighting the different response of gut microbiota to dietary 
interventions depending on compositional varieties. Results of microbial pairwise simulations 
were also in line with this observation pinpointing health-status and country-specific 
differences. In paper V, the focus was on vitamin producing reactions in the abundant species 
identified in diseased and healthy cohorts from four different countries, namely China, 
Denmark, Spain and USA. We investigated the presence and absence of such reactions and 
noticed that in most of the cases these pathways are incomplete which has also been observed 
in previous studies, pointing to possible cooperation for biosynthesis of these macromolecules. 
In this study, country-specific differences in terms of the prevalence of vitamin-related 
biosynthesis pathways were noticed. 
GEMs are potent tools for omics data contextualization and predicting phenotypic outcomes in 
various biological scenarios when they have been properly reconstructed and curated. High 
variety of GEM reconstruction methods raises the question of how each method ensures the 
GEMs quality. In paper II, a comprehensive quality control was performed on two sets of 
models, namely AGORA which is a repository of gut bacterial models reconstructed semi-
automatically and BiGG which includes a set of manually reconstructed and curated models. 
We compared the models in terms of ability to predict biologically feasible growth rates, the 
percentage of blocked reactions and dead-end metabolites, direct biomass metabolites, the 
metabolic similarity in terms of active reactions and biomass precursors. Results of this 
comparative approach demonstrated that the automatically generated models tend to contain 
mathematical artefacts such as thermodynamically infeasible loops and a high degree of 
similarity irrelevant of biological closeness. Therefore, it is crucial to manually curate 
automatically generated GEMs using experimental observations and other low- or high-
throughput data to ensure the quality and credibility of the biological predictions. 
High-quality GEMs have numerous applications amongst which food microbiology is a good 
example. Complex microbial starter cultures are used in food production and in silico tools 
have the potential to hypothesize different manipulation strategies to ameliorate such bacterial 
consortia towards higher or more efficient production of valuable nutrients. In paper III, we 
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reconstructed GEMs for four lactic acid bacterial strains used in the dairy formation and one 
Bifidobacterium with probiotic potentials. Here, we followed a manual approach to reconstruct 
and curate the models. Experimental fermentation data were used to evaluate in silico 
predictions. Pairwise growth of two strains used in yogurt fermentation was simulated, and an 
optimum ratio between the two was found which would result in optimum production of 
acetaldehyde, the major metabolite contributing to yogurt’s unique taste and aroma. 
Furthermore, the co-culture of all of the five strains in another fermented milk product was 
simulated and validated using fermentation in vitro data. This work shows the potential of 
computational tools in providing testable hypothesis in case of challenging experiments. 
Modelling microbial communities is still a challenge since complicated metabolic interactions, 
temporal and spatial heterogeneity, and changing dynamics of the community in response to 
environmental perturbances make it difficult to choose a modelling platform which would 
encompass all. There has been some effort in combining GEMs to model microbial 
communities using the regular approach which is optimisation of a pre-assumed biological 
objective function which is normally the growth rate in case of single strain models. This 
assumption, however, may not be valid for microbial communities. Therefore, in paper IV, we 
proposed a pipeline for modelling and uniformly sampling the feasible solution space of 
microbial communities. Starting from bi-cultures, we extended the microbial communities 
comprised of models for representatives of the human gut microbial strains to four and in each 
case sampled and studied the distribution of the samples and their clustering patterns. 
Experimental data were used to evaluate the outcomes of this method and in the majority of 
cases the method could make biologically meaningful results. Therefore, it is possible to 
characterise microbial communities in terms of metabolic and biological interactions using this 
method without any a priori objective functions.  
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5. Future perspectives  
Early microbiome studies were focused on cataloguing the presence and abundance of either 
microbial species or their respective genes. More recent works, however, have tried to change 
the centre of attention from compositional descriptive approaches towards mechanistic ones 
which try to study microbial communities from a dynamic, functional, or evolutionary point of 
view following a holistic systems biology-based methodology. Even so, most of the 
microbiome-related studies so far have been favoured towards associative studies comparing 
the gut configuration in health and disease, mostly describing rises and falls in gut microbial 
taxa without any apparent causes or consequences.  
Elucidating the underlying principles of microbial communities requires mechanistic and 
phenomenological models which would provide insight into effective manipulation strategies 
for microbial communities, rational design with synthetic microbes or even synthetic microbial 
communities, and even pave the way towards precision nutrition (Waldor et al. 2015). 
Engineering microbiota using phages has been proposed, but currently, the methods or 
molecules to target specific species are lacking. Employing synthetic bacteriophages has been 
shown to hold the potential of killing the pathogenic bacteria; therefore, they might be used for 
modulating microbial communities towards a particular composition (Citorik, Mimee, and Lu 
2014). Another exciting potential therapeutic idea concerning microbiome is the possibility of 
inoculating malnourished infants with healthy microbiota to repair their immature gut 
community (Sela and Mills 2014). More profound knowledge of any possible short- and long-
term effects of such therapeutic proposals needs to be addressed before they can be effectively 
used to tackle diseases and improve health. 
Computational modelling is one of the pillars of systems biology and is an essential element 
for a holistic approach. In the case of metabolic networks, there are various methods to 
reconstruct models with different approaches. These differences, part of them non-biological, 
are usually inherited to the models reconstructed by each method leading to variations of 
prediction results using different models for the same organism for the same biological context 
and scenarios. This issue calls for a reconciliation effort towards unified procedures and 
standards for GEM reconstructions so that models could be studied comparatively in a way 
that differences would reflect biological distinctions rather than mathematical artefacts 
(Oberhardt et al. 2011; Babaei, Ghasemi-Kahrizsangi, and Marashi 2014).  
Another issue with GEMs is throughput versus accuracy. High-throughput methods have been 
developed for GEM reconstruction which, in one hand, are very useful in reconciliation terms 
since obviously, the resulting models are uniform in terms of reconstruction method and 
furthermore, they are very efficient timewise. On the other hand, however, the accuracy of 
these models do not compare with manually reconstructed and curated ones since a significant 
amount of biological literature and experimental data have been embedded in their structure. 
Additionally, since there is no universal evaluating platform for metabolic models, it makes 
evaluating these methods even less objective. A community-driven effort for the development 
of such platform has been recently performed (Lieven et al. 2018), and hopefully, similar future 
works will continue to contribute to the improvement of the models’ quality and accuracy of 
their predictive power. 
It is evident that for modelling microbial communities, reconstruction of any types of models 
for its constituents is not sufficient, regardless of their quality and predictive power. Features 
such as metabolic and biological interactions, emergent properties, tempo-spatial 
heterogeneity, and quorum sensing require accurate modelling platforms so that it could lead 
to biologically meaningful predictions. Current microbial community simulation methods can 
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only simulate a small community of microbial species comprising of a few species, however, 
it is apparent that modelling a complicated bacterial community such as the human gut 
microbiota consisting of thousands of bacterial strains needs more sophisticated modelling 
approaches so that it could be deeply understood and its interrelationships with other factors 
such as diet, health status, antibiotic usage, probiotic administration and other gut community 
modulators could be unravelled. Finally, modelling any biological processes demands relevant 
biological data so that the predictions could be compared to the phenomenon happening in 
nature. In the case of microbial communities, meta-omics data including metatranscriptomics, 
metaproteomics, and metametabolomics are essential for characterisation of these multifaceted 
biological assemblages. Research will continue to generate even more multi-dimensional data 
for different microbial communities from either in vitro culturing of microbial communities or 
controlled animal models and even clinical trials, however, integrating the data avalanche with 
a proper mechanistic scaffold will be the biggest challenge for the field.  
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